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Abstract 

The assessment of personality is an essential component of personnel selection due to its 

validity in predicting job performance. To assess personality, asynchronous video interviews 

(AVIs) scored using artificial intelligence (AI) algorithms are increasingly used, allowing 

candidates to record responses to interview prompts that are subsequently evaluated 

automatically by AI algorithms and/or human raters. As questions remain about the validity 

of AI-based AVI scoring approaches, this study examines the convergence between human- 

and AI-scored personality assessments. To measure personality, the study focuses on the 

HEXACO model, which measures Honesty-Humility, Emotionality, Extraversion, 

Agreeableness, Conscientiousness, and Openness to Experience. Verbal responses were 

transcribed from videotaped AVIs of 161 mock interview candidates who answered five AVI 

questions. Responses were scored by 15 trained human raters and a closed-dictionary text-

analysis keyword-counting AI algorithm developed for this study, respectively. The 

correlation between trait-level scores produced by human judges and AI scoring was tested 

both across traits and within traits (trait-level) to assess scoring convergence. Moreover, in 

addition to comparing score levels produced by the two scoring methods (AI vs. human 

raters), score spread (i.e., variability), rank-order stability, and rating reliability were 

evaluated. The findings revealed a moderately positive and significant overall convergence  

(r = .29, p < .001) across traits between human and AI evaluations, which suggests that AI 

scoring may potentially be useful as a replacement of human evaluations when general 

screening is desired. Trait-level convergence varied between scoring methods, with the 

scoring consensus between human raters and AI being higher for some traits than for others, 

suggesting that these methods rely on different information and/or may interpret interview 

responses differently. The research highlights the potential of AI to complement human-

based scoring of AVIs used in recruitment, selection, and assessment while also identifying 

the limitations of algorithm-based scoring in capturing complex human behaviour in 

interviews. The findings may further contribute to understanding the role of AI in personality 

assessment and implications for organisational practices. 

 

 Keywords: recruitment, personnel selection, interviews, asynchronous video 

interviewing, personality, HEXACO, automation, AI, ML, human evaluation, convergence, 

correlation, industrial/organisational psychology. 
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Chapter 1: Introduction 

1.1 Background 

1.1.1 Recruitment and Selection 

Recruitment and selection are essential Human Resource Management (HRM) 

functions that enable organisations to align their workforce with strategic plans and 

organisational needs (Cascio & Aguinis, 2024; Lievens & Chapman, 2019; Ployhart et al., 

2017). Recruitment involves attracting individuals to participate in a selection process. In 

contrast, selection is a predictive method that uses assessment measures to link an 

individual's knowledge, skills, abilities, and other characteristics (KSAOs) to their potential 

job performance (Anderson et al., 2001; Langer et al., 2023; Ployhart et al., 2017). Those 

individuals with the highest scores on predictor measures are typically hired (Ployhart et al., 

2017). These predictor measures include a variety of assessments, among which interviews 

and psychometric assessments, such as personality assessments, are widely utilised (Cascio & 

Aguinis, 2024; Coetzee et al., 2021). Assessing personality during personnel selection 

processes is of increasing importance, as personality trait measures have become better 

predictors of employees' potential job performance (Anderson et al., 2001; Dupré & Wille, 

2025; Plouffe et al., 2017; Salgado, 2017), including in South Africa (Coetzee et al., 2021; 

van Aarde et al., 2017). 

1.1.2 Personality at Work: Defined 

Personality refers to a person’s enduring natural tendencies and characteristic patterns 

of emotional states, thinking, desires and behaviour, collectively described as traits that help 

predict behaviour, emotional responses, and attitudinal outcomes related to workplace 

performance (Bergner, 2020; Christiansen & Tett, 2013; De Raad & Barelds, 2020; Funder, 

2012; Heimann et al., 2021; Ones et al., 2025; Woods et al., 2013). As a multifaceted and 

complex concept, personality is shaped by various factors, including genetics, environment, 

and social dynamics (Bergh & Geldenhuys, 2013; Luthans et al., 2021). Various personality 

models can be used to understand, research, and apply personality traits in practice (De Raad 

& Barelds, 2020; Feher & Vernon, 2021). Rather than other models, such as the Five Factor 

or Big Five, this study specifically adopts the HEXACO model (Feher & Vernon, 2021). 

Widely used in personality research, this framework includes six traits: Honesty-Humility, 

Emotionality, Extraversion, Agreeableness, Conscientiousness, and Openness to Experience 

(Ashton et al., 2014; Julian et al., 2022). 

Although the Big Five is considered one of the leading personality trait models among 

researchers and practitioners (Anglim & O’Connor, 2019; Feher & Vernon, 2021; Romano et 
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al., 2023), the HEXACO model was preferred in this study because it includes a sixth trait, 

Honesty-Humility, which is not explicitly present in the Big Five (Ashton & Lee, 2020). 

Nonetheless, the traits of the HEXACO model correlate with the relevant traits in the Big 

Five, namely Openness to Experience, Conscientiousness, Extraversion, Agreeableness, and 

Neuroticism (Feher & Vernon, 2021; Lee et al., 2005). Furthermore, much of the predictive 

power of the HEXACO model can be attributed to the Honesty-Humility factor (Feher & 

Vernon, 2021), which provides valuable insights into ethical behaviour and interpersonal 

tendencies, including both prosocial and antisocial behaviours, aspects that are not fully 

captured by the Big Five (Ashton & Lee, 2020; Romano et al., 2023). The emphasis on the 

HEXACO model, therefore, provides a foundation for exploring the application of 

personality assessment in research and recruitment practices, particularly the measurement of 

personality through interviews, as discussed in the next section and applied in this study. 

1.1.3 Interviews and Personality Assessment 

Personality measurement is typically designed as self-report questionnaires; however, 

it is also frequently conducted through interviews (Hilgert et al., 2016). Interviews are among 

the most used selection methods (Speer et al., 2022). Traditionally, the interview is a 

communication process in which the organisation or selection panel learns more about the 

candidate in relation to the role and organisational characteristics, while the candidate also 

gains insight into the job and the organisation (Cascio & Aguinis, 2024). While this 

conversation can take many forms, ranging from unstructured to more structured, and, more 

recently, technology- and digitally-driven, interviews are especially predictive of job 

performance when they are structured (Baumgartner et al., 2024; Patel et al., 2025; Speer et 

al., 2022). One of the reasons structured interviews are so effective is that the interviewer 

establishes and applies predetermined criteria for questions, observations, and assessments, 

whether conducted face-to-face or through technology (Baumgartner et al., 2024; Patel et al., 

2025).  

1.1.3.1 Humans Evaluating Personality in Interviews 

However, employment interviews are not only used to assess specific job- or 

organisation-related requirements but also serve as an effective means of evaluating 

personality (Trull et al., 1998; Van Iddekinge et al., 2005). While self-report personality 

questionnaires have traditionally been relied upon in selection, concerns about faking have 

led to interview-based judgments as alternatives, potentially offering better predictions of job 

performance (Hickman et al., 2024). It is well established that human observers can be 

accurate judges of personality and predictors of behaviour. Research in the personality 
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literature, dating back over 30 years, suggests that human ratings of personality (observer 

ratings) can predict behaviour as accurately as, and sometimes better than, self-reports 

(Connelly & Ones, 2010; Mount et al., 1994). However, the quality of these ratings depends 

on, and can be improved through, factors such as rater training (De Kock et al., 2020), which 

are discussed in more detail later in this study. 

Currently, while humans can be accurate in their judgements, increasing reliance is 

being placed on technology to aid human evaluations in interviewing and subsequent 

personality evaluation, as explored in the following section (Langer et al., 2023; Patel et al., 

2025). 

1.1.4 The Role of Technology in Personality Assessment and Selection 

Over 50 years ago, Wernimont and Campbell (1968) highlighted that technological 

advancements can potentially transform selection processes by enabling a deeper 

understanding of behavioural prediction (Auer et al., 2022). In recent years, the recruitment 

and selection landscape has undergone a significant technological transformation, driven by 

advancements in automation and artificial intelligence (AI), particularly in assessment 

practices (Alexander III et al., 2025; Langer et al., 2023; Nikolaou, 2021; Ployhart et al., 

2017). While traditional assessment methods, such as psychometric tests and structured 

interviews, remain prominent (Coetzee et al., 2021), the adoption of asynchronous video 

interviewing (AVI) and artificial intelligence (AI) has introduced innovative ways to enhance 

organisational decision-making, efficiency, and global reach (Dunlop et al., 2022; Orji et al., 

2025; Stevenor et al., 2024). This section explores two critical technological advancements, 

AVI and AI, highlighting their unique contributions to modern selection processes. 

1.1.4.1 Asynchronous Video Interviewing (AVI) 

Asynchronous video interviews have been growing increasingly popular in personnel 

selection and research contexts (Dunlop et al., 2022; Patel et al., 2025). AVIs provide a 

convenient alternative to traditional interviews by enabling candidates to record their 

responses to questions on an online platform, which evaluators can assess later, either 

manually or through automation, thereby eliminating the need for real-time interaction 

(Dunlop et al., 2022; Lukacik et al., 2022; Patel et al., 2025). This method of interviewing is 

attractive to organisations because it offers cost savings, standardisation, and customisation 

while also providing applicants and selection members with flexibility and convenience 

(Patel et al., 2025). Aside from assessing job-related competencies through AVIs, they are 

increasingly used to evaluate applicants' personalities, either by humans or computers 

(Holtrop et al., 2022; Liff et al., 2024). When these AVIs are scored not by humans but by 
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computerised automation, it is called automated video interviewing (Hickman et al., 2022; 

Liff et al., 2024). Thus, recruitment and selection processes continue to evolve, incorporating 

technological advancements such as AVIs and computerised personality evaluations, as 

explored in the following section, to improve the identification of the best-suited candidates 

for organisational needs. 

1.1.4.2 Automation in Selection: The Role of AI and ML in AVIs 

Technology has supported human resource management (HRM) practices for decades 

(Langer et al., 2019). More recently, an increasing number of organisations have adopted 

artificial intelligence (AI) and machine learning (ML) in their recruitment and personnel 

selection processes, automating tasks such as interpreting interview performance (Goretzko 

& Israel, 2022; Mirowska, 2020; Woo et al., 2024). AI and ML are also explicitly utilised in 

scoring asynchronous video interviews (AVIs), enabling the analysis of candidate responses 

with greater efficiency and consistency. While AI and ML are often used interchangeably to 

describe computerised automation, they differ in meaning (Kühl et al., 2022). AI broadly 

refers to algorithms that enable computers to perform tasks requiring human-like intelligence. 

ML, on the other hand, is a subset of AI where computers learn and adapt their behaviour 

based on the data they process (Campion & Campion, 2023; Fan et al., 2023; Riedl, 2019). 

1.1.4.2.1 Deep learning (DL). Although beyond the scope of this study, deep learning (DL) is 

noteworthy as it is also utilised in AVI scoring (Lukacik et al., 2022). DL is an advanced 

machine learning form that imitates how a biological brain autonomously learns and 

processes data. It extracts and analyses progressively complex patterns through multiple 

layers of artificial neurons, commonly called "nodes" (Campion & Campion, 2023; Fan et al., 

2023; Norton et al., 2024). 

1.1.4.2.2 Natural language processing (NLP). A machine learning method particularly 

relevant to this study is Natural Language Processing (NLP), explored in more detail later. 

NLP involves analysing textual data by referencing dictionaries of words and their 

associations (Campion & Campion, 2023). This study focuses on a closed-vocabulary 

keyword-counting algorithm, which calculates personality trait scores based on the frequency 

of words associated with specific traits (Holtrop et al., 2022), as discussed throughout the 

analysis. 

Upon discussing AI and ML scoring methods for AVIs, it becomes apparent that 

human-based scoring of interview responses can, and is now routinely, complemented and 

improved by AI algorithms, which appear to streamline the evaluation process (Hickman et 

al., 2022; Lukacik & Bourdage, 2025; Suen et al., 2019). 
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1.1.4.3 HR Perceptions of AI in Selection: Insights from HireVue's Survey 

To further contextualise the study’s focus on human and AI evaluations in selection, it 

could be helpful to examine broader trends in HR’s adoption of AI tools. For example, 

HireVue, a well-known international company headquartered in South Jordan, Utah, and a 

leader in AI-driven hiring solutions and asynchronous video interviews (AVIs) (HireVue, 

n.d.-a; Patel, 2022; Roulin et al., 2021), conducted a survey exploring perceptions of AI in 

the selection process (HireVue, 2024). The survey included responses from a thousand HR 

practitioners, and as shown in Figure 1, the findings highlighted the growing acceptance of 

AI in recruitment processes among HR practitioners (HireVue, 2024). 

Figure 1 

HireVue 2024 Survey: HR Practioners’ Perspectives on AI in Selection 

 
Source: HireVue (2024) 

 

Seventy-three per cent (73%) of HR professionals expressed trust in AI to recommend 

candidates, with seventy per cent (70%) currently using or planning to use AI within the 

coming year as part of the hiring process (HireVue, 2024). Additionally, sixty-six per cent 

(66%) reported increased enthusiasm about incorporating AI into workplace practices 

compared to the previous year (HireVue, 2024). These results may reflect the broader trend 

of integrating AI into HR practices, which appears increasingly recognised for its potential 

benefits (HireVue, 2024). 

66%

70%

73%

0% 20% 40% 60% 80% 100%

More positive about workplace AI than a
year ago

Using or planning to use AI within a year

Trust AI for candidate recommendations

Survey Results (Percentage) 

HR Professionals' Perspectives on AI: Insights from a HireVue 
Survey
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These survey results feed into a closer look at how AI and human evaluators perform 

and compare in selection processes, particularly in evaluating personality traits from AVIs. 

The following section delves deeper into this comparison. 

1.1.4.4. Relevance and Current use of AVIs in South Africa 

In South Africa, asynchronous video interviews (AVIs), personality assessments, and 

automated scoring may be highly relevant due to legislative frameworks such as the 

Employment Equity Act 55 of 1998 and its 2013 Amendment Act, the Protection of Personal 

Information Act of 2013, and the Health Professions Act 56 of 1974. These laws regulate the 

use of assessment tools and selection practices within the country (Coetzee et al., 2021). 

Despite this potential relevance, the adoption of technologies such as AVIs remains slow. 

Socio-economic challenges including crime, load-shedding, and limited digital skills among 

employees contribute to organisational hesitation in fully embracing these technologies 

(Naidu et al., 2025). Additionally, specific statistics on AVI usage in South African 

workplaces, such as those from HireVue (2024), are not readily available. This indicates a 

gap in research and organisational adoption of AVIs within the South African context. 

1.1.5 Human and AI Evaluations in Selection 

As both humans and machines are used to evaluate interview responses, a critical 

question arises: How do AI assessments compare to those made by humans? Several studies 

comparing the personality judgments made by AI models and human evaluators have found 

that computer assessments correlate with those made by humans, as described in more detail 

later (Hickman et al., 2022; Holtrop et al., 2022; Koutsoumpis et al., 2024; Youyou et al., 

2015). This suggests that AI can predict personality traits automatically, without relying on 

human social-cognitive skills, and potentially as accurately as or better than humans, more 

quickly and at a lower cost (Hickman et al., 2022; Youyou et al., 2015). Consequently, 

personality assessment methods increasingly rely on AI evaluation techniques, such as text 

word counting and advanced natural language processing models, to score candidate 

responses during selection processes (Jayaraman et al., 2024; Stachl et al., 2020). One of the 

aims of scoring interview responses is evaluating personality, a strong predictor of applicants' 

potential job performance (Hickman et al., 2022; Holtrop et al., 2022; Salgado, 2017). 

1.1.6 Convergence of Human and AI Personality Judgements 

Researchers in this field, such as Hickman et al. (2022), Hinds and Joinson (2024), 

Holtrop et al. (2022), and Koutsoumpis et al. (2024), have studied the correlation, alignment 

and rank-order stability between AI and human judgement in personality assessment. AI tools 

often leverage machine learning techniques to analyse verbal cues transcribed from AVIs. 
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While advanced ML approaches are continually being developed, text-based analysis has 

been identified as the most promising and efficient technological advancement in 

automatically scoring personality traits from AVIs. In contrast, human raters rely on their 

professional judgement and a broader range of interpretive cues, including body language, 

facial expressions, tone of voice, and accents, alongside the spoken content. Therefore, the 

complementary potential of human and AI methods in personality evaluation has been 

indicated, with AI offering efficiency on one end and humans’ professional, nuanced 

judgement on the other. Exploring the alignment between AI text-based analyses and human 

evaluators' judgements is instrumental in understanding the evolving role of computerised 

technology in advancing personality assessment practices. This convergence and its 

implications are explored in detail throughout the current study. It aims to examine the 

comparative judgements of human evaluators and AI in scoring HEXACO traits from AVI 

responses. 

1.1.7 Research Scope 

While personality judgements of others are frequently made by humans or computers 

based on various interactions or sources, such as conversations or digital data, the accuracy 

and reliability of these judgements become especially important in recruitment contexts 

(Funder, 2012; Goretzko & Israel, 2022; Hinds & Joinson, 2024). As explored by De Kock et 

al. (2020), effective evaluators, or 'good judges,' whether human or algorithmic, should 

produce high-quality and accurate ratings. Understanding the correlation between these 

methods, and their strengths and limitations, may aid in determining how humans and 

algorithms can collaborate most effectively in selection practices. In line with the concept of 

the good judge, an inherent requirement of psychological measurement is to ensure reliability 

and validity in accurately assessing constructs such as personality (Foxcroft & Roodt, 2013; 

Plouffe et al., 2017). Especially in the South African context, legislation such as the 

Employment Equity Act mandates using valid and reliable measures to ensure fairness in 

recruitment (Coetzee et al., 2021). However, although the automated scoring of AVIs is 

becoming increasingly popular, there is limited psychometric evidence to support its 

reliability and validity (Hickman et al., 2022). Therefore, the study explores aspects of 

construct validity, such as convergent (mono-trait) validity, as well as interrater reliability in 

human and AI personality evaluations from AVIs. This may contribute to the growing body 

of research in this area. 

Convergent validity is assessed by comparing different methods of measuring the 

same construct and evaluating their agreement (Plouffe et al., 2017). In this study, human and 



 15 

AI evaluations of the six HEXACO traits for the AVI participants were compared. 

Additionally, interrater reliability, in this context, refers to the consistency of ratings between 

human and AI evaluators, ensuring a reliable assessment of the same traits and supporting the 

accuracy of the HEXACO personality evaluation (Cascio & Aguinis, 2024).  

Ultimately, the study investigates the convergence between human evaluations and AI 

text-to-personality algorithm ratings in assessing personality from asynchronous video 

interviews, emphasising on the potential efficacy of integrating AI into selection practices. 

1.2 Research Problems 

Advancements in artificial intelligence and machine learning practices have led to the 

development of asynchronous video interview scoring and personality assessment systems 

(Lukacik et al., 2022). These systems utilise AI algorithms to evaluate candidates' 

performance and personality traits in video-based interviews (Holtrop et al., 2022). However, 

as the use of such AI technologies increases in recruitment processes, questions may arise 

regarding the reliability and validity of these practices compared to human evaluations 

(Koutsoumpis et al., 2024). Holtrop et al. (2022) mention that clear guidelines on the 

reliability and validity of text-analysis tools and criteria for effective text-analysis solutions 

are needed to determine appropriate reliability and construct/criterion-related validity 

coefficients and improve generalisability and implementation in practice. While research and 

advancements are emerging in this domain, a critical gap exists in understanding the 

convergence between AI and human scoring methodologies.  

1.3 Research Objectives 

Building on the literature and background, AI/ML technology demonstrates promising 

potential in assessing personality traits during selection, predominantly text-based 

evaluations. This study aims to contribute to organisational research by investigating the 

effectiveness of integrating artificial intelligence, particularly text analysis, into personality 

evaluation practices within the context of asynchronous video interviews (AVIs) used in 

recruitment and selection. Specifically, the study examines the alignment between human 

evaluator ratings and AI-generated personality ratings from AVIs, aiming to shed light on the 

practical applications, validity, reliability and implications of AI in AVIs and personnel 

selection.  

Additionally, this study aims to examine the convergence and alignment of scores 

between human and AI evaluations across the HEXACO traits rather than determining who is 

'right' or 'wrong.' Traits with the least convergence may highlight areas where human and AI 

evaluations diverge significantly, potentially reflecting differences in how personality-related 
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information is processed after judgement. Conversely, traits with the highest convergence 

may indicate alignment in evaluations, suggesting an opportunity for AI to complement or, in 

some cases, substitute human scorers. Whether convergence is low, moderate, or high, these 

findings shed light on trait-specific patterns of convergence and divergence, contributing to a 

deeper understanding of the differences in evaluation processes. Such insights may inform 

the refinement of AI technologies and their integration into recruitment practices, supporting 

AI as a possible tool to complement or align with human judgement in personality evaluation 

through AVIs. 

1.3.1 Alignment with and Contributions Beyond Prior Research 

As discussed in the following section, this research aligns with and builds upon three 

prior studies on asynchronous video interviews and personality measurement using human 

and computerised scoring. 

First, this study builds on the work of Hickman et al. (2022), who utilised machine 

learning models to predict Big Five personality traits based on verbal, paraverbal, and 

nonverbal data from AVIs. While their study demonstrated mixed reliability and validity 

depending on whether the models were trained on self-reports or interviewer reports, the 

current research diverges by focusing on the HEXACO model and employing a closed-

vocabulary text-based or keyword analysis approach. This narrower scope does not focus on 

the multimodal machine learning models used by Hickman et al. but rather offers insights 

specific to text-based evaluation. 

Second, the study draws on the findings of Holtrop et al. (2022), who introduced the 

HEXACO Text-to-Personality (HTTP) technique. This advanced keyword method considers 

grammar and moderator words, such as 'not,' to indicate the opposite of a specific trait. They 

compared the HTTP with a more basic keyword or dictionary approach, similar to the one 

used in the current study. They also compared open- and closed-vocabulary methods for 

assessing personality from AVIs. The current study used a simpler keyword-counting and 

closed-dictionary approach, as the advanced HTTP did not significantly improve the 

construct and criterion-related validity of the more basic approach. Furthermore, their study 

explored personality evaluations across self-reports and interviewer ratings, particularly 

focusing on Dutch-language interviews and manual transcription. By addressing the 

limitations highlighted in their work, the current study employed automatic transcription for 

interview responses originally in English while remaining grounded in the HEXACO model 

of personality. The transcription was performed using Microsoft Office 365, which may have 

helped mitigate the validity and quality issues associated with their manual transcription 
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(University of Queensland, n.d.). Furthermore, while Holtrop et al. (2022) examined general 

and trait-activating questions, this research focuses exclusively on general interview 

questions to evaluate the broader applicability of AI-driven scoring across diverse interview 

contexts. 

Finally, the study builds on the contributions of Koutsoumpis et al. (2024), who 

explored human and machine learning assessments of Extraversion and Conscientiousness in 

AVIs using multimodal data (text, voice, and facial expressions). Their findings suggested 

more substantial validity for trait-relevant questions but highlighted concerns around test-

retest reliability. Unlike Koutsoumpis et al. (2024), the present research investigates all six 

HEXACO traits from general rather than trait-specific questions. To maintain consistency 

with prior research, the methods Koutsoumpis et al. (2024) used to train human evaluators 

were adapted and incorporated into the current study, as explored and provided in subsequent 

sections. 

Therefore, this study aims to advance research on personality assessment in 

asynchronous video interviews by applying the closed-vocabulary technique to English-

language interviews with automatic transcription, addressing a limitation in Holtrop et al. 

(2022), who relied on manual transcription in Dutch. Furthermore, the current study utilises 

implicit or general interview questions instead of trait-activating questions to evaluate the 

applicability of AI scoring across a broader range of non-personality-specific questions. 

Additionally, unlike earlier studies that employed more advanced AI models to predict 

personality traits, this research examines the six HEXACO traits using only text-based 

analysis. By addressing the gaps and building on prior research, this study may provide 

additional insights into the strengths and limitations of AI-driven personality assessments 

compared to human scorers in AVI contexts. 

1.4 Research Questions 

This section outlines the primary research questions that guide the investigation into 

the relationship between human evaluations and AI-generated personality assessments in 

asynchronous video interviews. By exploring these questions, the study aims to clarify the 

alignment between human and AI scoring methods, aiming to contribute insights into the 

effectiveness and implications of using AI in personality evaluation within the context of 

AVIs. 

Question 1: What is the relationship between human evaluator ratings of personality 

and Artificial Intelligence (AI)-generated personality scores in asynchronous video 

interviews? 
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Question 2: How does the consistency of AI-generated personality judgements 

compare to the inter-rater reliability of human evaluator judgements, and what implications 

do these findings have for the reliability and variability of personality assessment in 

asynchronous video interviews? 

Question 3: Will human rater judgements of HEXACO (Honesty-Humility, 

Emotionality, Extraversion, Agreeableness, Conscientiousness, and Openness to Experience) 

personality traits correlate positively with the AI/ML-scored personality trait scores? 

Question 4: Among the HEXACO personality traits (Honesty-Humility, 

Emotionality, Extraversion, Agreeableness, Conscientiousness, and Openness to Experience), 

which trait exhibits the lowest correlation between human and AI scorers in personality 

assessments? 

1.5 Layout of Dissertation 

The introductory chapter provided an overview of the study, emphasising the 

significance of investigating the convergence of human and AI evaluations of HEXACO 

personality traits in asynchronous video interviews. The following chapter defines key 

concepts, explores the theoretical frameworks underpinning the research, and conducts a 

comprehensive review of the relevant literature. Subsequently, the methods chapter, Chapter 

3, details the research design, participants, data collection procedures and the analytical 

techniques used. Following this, the results chapter presents the findings of the study, 

including the correlation studies and additional statistical analyses conducted. The discussion 

chapter interprets these findings, examines their implications, acknowledges the limitations of 

the research, and offers recommendations for future studies. Finally, the dissertation 

concludes with a summary of the main insights gained from the research, followed by 

annexures supporting the study. 
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Chapter 2: Literature Review 

Building on the concepts discussed in Chapter 1, this chapter begins by providing an 

overview of the study's main focus areas: personality evaluation from asynchronous video 

interviews (AVIs) within the recruitment and selection process, which can be scored by either 

humans or computers. Thereafter, the use of assessments in the personnel selection process is 

discussed, with particular emphasis on personality assessments and interviews as the primary 

methods. Personality theory and its evaluation, AI-driven personality assessment, and the 

HEXACO model are then explored. Traditional interviews and technology-driven interviews, 

namely AVIs, are examined, with particular attention to design factors, including scoring as a 

key design consideration. Core theoretical frameworks regarding the design and scoring of 

AVIs, as well as their relevance to the South African context, are described. Based on a 

comprehensive review of existing literature, the convergence between variables, specifically 

AI versus human scoring of personality in AVIs, is outlined. Plausible hypotheses are 

integrated and presented. This chapter concludes with a summary of the main concepts, 

hypotheses, and variables. 

2.1 Introduction: The Present Study 

As covered in the preceding chapter, personnel selection processes aim to predict job 

performance (Salgado, 2017). Central to the personnel selection process is the assessment of 

applicants, typically conducted through interviews, personality-related measures, and various 

other assessments, such as cognition, aptitude, interests, and integrity, all aligned with the 

organisation's needs (Cascio & Aguinis, 2024; Coetzee et al., 2021; Moerdyk, 2022). The 

present study is particularly concerned with personality evaluation through asynchronous 

video interviews (AVI), specifically comparing those scored by humans and computers. The 

approach to scoring, whether by humans, AI, or both, is essentially a key design 

consideration for AVIs. 

The purpose of this chapter is to provide a more extensive review of the existing 

literature on human and AI personality scoring in the context of AVIs compared to the 

previous chapter. A significant intention of the literature review is to explore the impact of 

AVI design factors on personality assessment outcomes as a selection method. This study 

fundamentally investigates the impact of AVI design factors, specifically scoring, by 

focusing on two central frameworks: the modular approach proposed by Lievens and Sackett 

(2017) and the conceptual model of AVI design by Lukacik et al. (2022). With advancements 

in artificial intelligence and evolving interviewing practices, particularly in the context of 

AVIs, there is a significant opportunity for further research to enhance our understanding of 
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how different AVI design choices, such as scoring by AI versus human evaluators, influence 

personality measurements and scores. 

While there have been notable strides in the field, substantial improvements are still 

required before automatically generated text-to-personality assessments can effectively 

replace or complement evaluations conducted by human interviewers (Holtrop et al., 2022). 

As stated earlier, to address these limitations, the present study will build on the work of 

Hickman et al. (2022), Holtrop et al. (2022), and Koutsoumpis et al. (2024) by conducting a 

similar study with humans and AI scoring of AVI-based HEXACO personality traits in 

English, rather than Dutch, using implicit rather than explicit trait-activating interview 

questions, employing a closed-dictionary text-analysis AI technique, and utilising automatic 

transcription of the AVIs. This chapter will review relevant literature to contextualise the 

significance of the frameworks, highlight the overlaps with similar research, and identify the 

gaps that this study seeks to fill in the current body of knowledge. 

2.2 Personnel Assessment and Selection 

The personnel selection process is integral to identifying and predicting potential job 

performance, thereby contributing to organisational success (Salgado, 2017). There is a 

growing need to understand how to evaluate applicants' knowledge, skills, abilities, and other 

attributes (KSAOs), determine the most effective assessment methods, attract highly suited 

candidates, and select those who demonstrate both high performance potential and a strong fit 

with the recruiting organisation (Potočnik et al., 2021). Interviews, including emerging AVIs, 

and personality assessments remain two of the most commonly used tools in the selection 

process for predicting such workplace behaviour (Cascio & Aguinis, 2024; Hickman et al., 

2019; Connelly et al., 2022; Liff et al., 2024). Understanding the type of assessments used 

during personnel selection is important, as each may vary in how it measures individual 

differences (Casio & Aguinis, 2024). These assessments should be conducted in a consistent, 

dependable, and relatively error-free manner to ensure that the results are trustworthy and can 

be used effectively (Casio & Aguinis, 2024). Given that interviews and personality 

assessments are commonly used in selection contexts, the current study needs to explore how 

these methods are applied in practice, mainly through AVIs. 

2.2.1 Personality in Personnel Selection 

As discussed in Chapter 1, personality is a multifaceted psychological construct 

defined by characteristics in thinking, behaviour, and emotion. It is widely recognised as a 

key predictor of job performance, satisfaction, and intention to stay (Dai et al., 2022). 

Personality assessment is possible because of the proven principles that people are relatively 



 21 

consistent in their behavioural patterns, underlined by traits, and that our behaviours differ, 

making these patterns measurable (Coetzee et al., 2021). Typical methods of personality 

assessment at work include interviews, behavioural observations, and a wide range of 

structured self-report inventories based on various theories, such as Cattell's 16 factors, Jung's 

personality types, and the Big Five or HEXACO trait models, to name a few (Foxcroft & 

Roodt, 2013; Cascio & Aguinis, 2024; Coetzee et al., 2021; Moerdyk, 2022). In both research 

and workplace settings, the HEXACO personality model, which encompasses six broad traits, 

is particularly relevant (Ashton & Lee, 2007). This model is used in the current study and is 

described in more detail in the subsequent section. 

2.2.1.1 HEXACO Model Overview 

The HEXACO model of personality is a six-dimensional framework that expands on 

the traditional five-factor model, namely the Big Five, with origins in lexical or ‘language-

personality’ studies (Dai et al., 2022; Holtrop et al., 2022; van Kempen, 2024). Developed by 

Ashton and Lee (2007), it includes the dimensions of Honesty-Humility (H), Emotionality 

(E), eXtraversion (X), Agreeableness (A), Conscientiousness (C), and Openness to 

Experience (O). Honesty-Humility is the key addition, reflecting traits related to 

counterproductive work behaviour, such as sincerity, fairness, and modesty, which are not 

fully captured in the Big Five (Ashton & Lee, 2007; Holtrop et al., 2022). 

The model has been increasingly used in various fields, including workplaces and 

research in organisational psychology, as it provides a comprehensive framework for 

understanding personality in various contexts (Ashton & Lee, 2020; Jayaraman et al., 2024). 

Consequently, both humans and computers can be trained to evaluate applicants using the 

HEXACO framework, particularly in the context of employment interviews, and the 

comparative analysis of their evaluations is attracting increasing interest (Dai et al., 2022; 

Holtrop et al., 2022; Koutsoumpis et al., 2024). 

Although structured self-report inventories are primarily used in 

industrial/organisational psychology (Coetzee et al., 2021), personality assessments, 

primarily through interviews, have become common in personnel selection due to the impact 

of personality on responses to job-related questions (Hickman et al., 2022). In addition to 

traditional interviews, there is an increasing reliance on computerised technology, such as 

asynchronous video interviews and artificial intelligence, to support human evaluators in 

assessing candidates during recruitment and selection (Dunlop et al., 2022; Langer et al., 

2023; Mori et al., 2024; Patel et al., 2025), as discussed in the following section. 



 22 

2.2.2 Interviews in Personnel Selection 

Interviews, as a widely used selection method, serve both as a predictive tool for 

potential job performance and as a means of data collection to enhance organisational success 

(Cascio & Aguinis, 2024; Coetzee et al., 2021; Cummings et al., 2020). Interviews are often 

considered an effective assessment tool, generally expected by applicants. They can be 

conducted either face-to-face, virtually or through an online video platform, engaging with 

the interviewees with or without a live interviewer (Coetzee et al., 2021; Cummings et al., 

2020; Lukacik et al., 2022; Macan, 2009). While there are different types of interviews 

(Coetzee et al., 2021), this research uses and focuses on asynchronous video interviews in 

selection contexts. However, for context, traditional interview methods are also briefly 

explored. 

2.2.2.1 Traditional Interviews 

The traditional interview is a two-way communication process in which the applicant 

learns more about the job and the organisation, while the interviewer or organisation gains a 

better understanding of the applicant in relation to the role (Cascio & Aguinis, 2024). 

Traditional interviews have been favoured due to their perceived natural interaction 

compared to other selection methods (Coetzee et al., 2021). Generally, traditional 

interviewing methods have spanned two poles: structure, standardisation and uniformity on 

one end, and flexibility and openness on the other, which impacts the types of questions 

asked by interviewers and the expected responses from the interviewees (Coetzee et al., 2021; 

Macan, 2009; Platt, 2012). However, traditional real-time interviews are considered time- and 

resource-intensive, requiring training and human involvement, and are prone to bias (Coetzee 

et al., 2021; Platt, 2012). Considering these challenges, traditional job interviews are 

increasingly being complemented by asynchronous video interviews (Koutsoumpis et al., 

2024). 

2.2.2.2 Asynchronous Video Interviewing (AVI) Overview 

Asynchronous Video Interviewing (AVI) offers an alternative to conventional real-

time interviews, providing a consistently available and easily accessible solution (Lukacik et 

al., 2022). In contrast to traditional interview processes, AVIs require candidates to access an 

online platform and record video responses to interview questions without any direct 

interaction with interviewers (Dunlop et al., 2022; Lukacik et al., 2022). These responses are 

then saved and assessed later, either by an interviewer or a computer algorithm (Dunlop et al., 

2022; Lukacik et al., 2022). AVI technology continues to integrate into traditional selection 

processes, blending human and computerised evaluations (Koutsoumpis et al., 2024), with 
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companies already offering these solutions in practice. Currently, companies offering 

platforms for conducting asynchronous video interviews (AVIs) include HireVue, Modern 

Hire, myInterview, Spark Hire, amongst others (Patel, 2022). AVIs differ in design, and 

while they are used and offered in practice, they continue to face various challenges that are 

relevant to the current study, as discussed in the following sections. Figure 2 provides an 

example of an AVI platform for illustration purposes. 

Figure 2 

Example of an online or web-based AVI system 

 
 

2.2.2.2.1 Approaches to AVI design and scoring. AVIs can be evaluated using both or either 

human-based and algorithm-based methods (Hickman et al., 2022). There is growing interest 

in algorithm-based methods (AI / ML) due to their time and cost efficiency, as well as the 

enhanced standardisation of the evaluation process (Oostrom et al., 2024). The computerised 

scoring models underpinning AVIs aim to enhance convergence with human ratings 

(Hickman et al., 2022). These concepts, human and AI scoring, are explored in greater depth 

further in this chapter and study. 

2.2.2.2.2 Challenges in AVI utilisation and design. While AVIs offer practical advantages, 

further research is needed into the use of AVIs, particularly regarding their design, features, 

and impact on applicants (Dunlop et al., 2022; Lukacik et al., 2022). Generally, asynchronous 

media has been associated with candidates viewing the interview process less favourably 

(Suen et al., 2019). In light of this, prioritising reliability, validity, and the applicant 

experience in the use of AVIs is crucial to ensure the success thereof in practice (Dunlop et 

al., 2022). Whether AVI responses are evaluated by human scorers or algorithmically, more 

research is necessary to improve both applicant experiences and assessment outcomes 

(Dunlop et al., 2022). Therefore, in the development and refinement process of AVIs, it is 

Source. HireVue (n.d.-b) 
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vital that human evaluators remain custodians of the process and uphold professionalism 

while leveraging the strengths of computerised systems (Hunkenschroer & Luetge, 2022; Xu, 

2022).  

Approaches to enhancing AVI processes and design features are discussed in the 

subsequent sections, particularly under the theoretical frameworks in Section 2.3. The next 

section delves deeper into effective personality measurement through AVIs, laying the 

foundation for further exploration later in the chapter. 

2.2.2.2.3 Theory underpinning successful personality evaluation from AVIs. The 

effectiveness of personality evaluation from AVIs can be understood through a combination 

of Social Presence Theory and key principles from Funder’s (1995) Realistic Accuracy 

Model (RAM). Together, these frameworks offer insights into how communication quality 

and personality judgements can be enhanced in AVI contexts, as discussed in this section. 

A possible downside to the use of AVIs is that they typically lack the direct 

interaction of live interviews, which can make applicants view the assessment method less 

favourably (Basch et al., 2022; Patel, 2022; Suen et al., 2019). In this context, Social 

Presence Theory suggests that fostering a sense of connection enhances the quality of 

communication, thus influencing the quality of candidate responses and, in turn, the data 

available for scoring (Patel, 2022; Rizi & Roulin, 2024). This is important to consider in the 

current study when using and scoring personality traits from AVIs. However, this limitation 

can be mitigated by adding human features such as video-based introductions or engaging 

question formats, which enhance applicants' sense of engagement and create a more 

immersive and connected experience (Lukacik et al., 2022; Patel, 2022).  

The Social Presence Theory aligns with Funder’s RAM, which identifies four 

essential stages for accurate personality judgements: relevance, availability, detection, and 

utilisation of behavioural cues (De Kock et al., 2020; Funder, 1995). In the context of AVIs, 

RAM highlights the importance of both the "good judge" (evaluator) and the "good 

information" (available data) (De Kock et al., 2020). Human judges excel at interpreting a 

broad range of behavioural cues, including nonverbal signals, while automated systems, as 

used in this study, provide consistent, text-based evaluations but are constrained by their 

inability to process nonverbal behaviours (Cummings et al., 2020; Holtrop et al., 2022; 

Koutsoumpis et al., 2024). Therefore, as RAM and Social Presence Theory suggested, the 

interplay between evaluator type and data quality is crucial to the success of personality 

assessments in AVIs. 
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RAM is discussed further in this dissertation, specifically in section 2.3 on theoretical 

frameworks, focusing on its application to the human training of personality judgements. For 

now, its inclusion complements Social Presence Theory by illustrating how the quality of 

both the evaluator and the available data influences outcomes. Together, these frameworks 

emphasise the importance of designing AVIs that provide rich behavioural information and 

support practical evaluation, whether human or automated. 

2.2.3 Summarising Personality, Interviews, AVIs, and AI in Assessments 

Before delving into the theoretical frameworks for AVIs and comparing AI and 

human scoring, it is beneficial to summarise the key insights on personality, interviews, 

AVIs, and AI in assessments. These concepts will be explored further in the subsequent 

section on theoretical frameworks, providing a foundation for the discussion to follow. While 

traditional face-to-face interviews provide a more in-depth understanding of candidates 

(Salgado, 2017), they can be time-consuming and resource-intensive. This has led to a 

growing interest in technologies that automate the interpretation of candidate responses 

(Mirowska, 2020). With the rise of such technologies, methods like asynchronous video 

interviews (AVIs) and automatic scoring are becoming increasingly common (Basch et al., 

2021; Hickman et al., 2022). Specifically, personality assessments from interviews, 

particularly AVI-based personality assessments (AVI-PA), are becoming more feasible, as 

personality traits and individual differences are often expressed through language, which both 

computers and humans can be trained to assess (Fast & Funder, 2008; Holtrop et al., 2022; 

Koutsoumpis et al., 2024). Automatic AVI-PA enables organisations to evaluate candidates 

more efficiently and potentially without constant human involvement (Hickman et al., 2022; 

Stevenor et al., 2024). As a result, there is a growing need for collaboration between 

traditional recruitment practices and the fields of computer and data science to thoroughly 

investigate and understand the impact of technology on the recruitment and selection 

lifecycle (Nikolaou, 2021). This theme is explored further in this study. 

2.3 Theoretical Frameworks for AVIs: AI and Human Scoring 

The theoretical underpinnings of this research draw on various frameworks that 

emphasise structured and modular approaches to the design and evaluation of asynchronous 

video interviews. Frameworks such as the modular approach and response evaluation 

consistency highlight how pre-interview decisions and standardised scoring methods shape 

the interview process and candidate responses (Lievens & Corstjens, 2018; Lievens & 

Sackett, 2017). Central to this standardisation is the training of human evaluators, which 

follows evidence-based models such as the Realistic Accuracy Model (Funder, 1995), 
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Brunswik’s Lens Model (1956), and frame-of-reference (FOR) training (Bernardin & 

Buckley, 1981). As discussed in the next section, these models help ensure that evaluators 

share a common understanding of the assessment criteria and scoring, providing a foundation 

for accurate and consistent evaluations. The integration of these elements is further detailed 

in the subsequent section. 

2.3.1 Training of Human Evaluators 

Interviews are often conducted by individuals with minimal or no training, even 

though research shows that training improves the quality of this assessment method (Camp et 

al., 2011). The following research suggests that rater training should adopt a comprehensive 

approach, ensuring standardisation in evaluating personality using models such as HEXACO. 

Specifically, evaluator training typically incorporates frame-of-reference (FOR) training to 

align evaluators by defining performance assessment criteria, providing examples, and 

conducting practice sessions with feedback (Roch et al., 2012; Herde & Lievens, 2023). 

Supporting theories and approaches include Funder’s (1995) Realistic Accuracy Model and 

Brunswik’s (1956) Lens Model. These approaches are discussed further in the following 

sections. 

2.3.1.1 Frame of Reference Training (FORT) 

Frame of Reference Training (FORT), developed by Bernardin and Buckley (1981), 

aims to improve evaluators' assessment accuracy and teach new raters adaptable rating 

frameworks, making information processing more efficient (Roch & O'Sullivan, 2003; 

Martin, 2019). Establishing and following a standardised approach to observing behaviour 

helps raters identify effective and ineffective performance more easily while ensuring 

consistent evaluations (Bernardin & Buckley, 1981). The effectiveness of FORT lies in 

guiding raters to assess performance based on key behaviours, helping them compare ratings 

to established norms and reach consensus (Bernardin & Buckley, 1981). Generally, FOR-

trained raters provide more accurate ratings than untrained ones, proving its effectiveness 

(Roch & O'Sullivan, 2003). 

The primary objective of FORT is to prepare raters to effectively observe behaviour 

and evaluate performance (Lievens & Sanchez, 2007). The standard FORT approach adheres 

to the principles of exposure, practice, and feedback and can also be understood through the 

perspective of the schema-based theory of learning (Lievens & Sanchez, 2007; Martin, 2019). 

This theory explains that a schema, shaped by existing knowledge and beliefs, is a mental 

framework that prioritises key details, filters out irrelevant ones, and evolves by integrating 

new information (Gorman & Rentsch, 2009). Therefore, FORT aims to provide raters with 
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more specific and suitable schemata better aligned with their rating context than their existing 

mental frameworks (Lievens & Sanchez, 2007). 

2.3.1.1.1. FORT overview. Initially, the multifaceted nature of the construct, such as 

personality, is highlighted, with each aspect (e.g., the HEXACO model and its traits) clearly 

defined (Martin, 2019). Subsequently, illustrative behavioural scenarios, called vignettes, are 

presented to represent each aspect (Martin, 2019; Powell & Goffin, 2009). In the exposure 

phase, trainers clarify how to assess each vignette accurately (Martin, 2019). During the 

practice stage, trainee raters can evaluate the vignettes (e.g., HEXACO traits) and justify their 

assessments (Martin, 2019; Powell & Goffin, 2009). Trainers then provide feedback on the 

accuracy of the trainee raters' evaluations (Martin, 2019; Powell & Goffin, 2009). As part of 

this feedback process, trainers communicate more accurate ratings for each vignette based on 

expert findings and explain the rationale behind these ratings (Martin, 2019; Powell & 

Goffin, 2009). 

2.3.1.2 Realistic Accuracy Model 

Complementing FORT, The Realistic Accuracy Model (RAM) highlights the 

complexity of personality assessment, extending beyond simple definitions to complex issues 

regarding the validity of personality traits and measurement thereof (Funder, 1995; Powell & 

Goffin, 2009). Successful judgements are accurate and result from a combination of a capable 

judge, an understandable target, sufficient accessible information and evident traits or 

characteristics that are readily noticeable (Chen et al., 2018). Therefore, according to RAM, 

accurate personality judgement entails the individual exhibiting relevant behaviour, which 

must be noticeable to the evaluator, who must then appropriately recognise and interpret the 

cues to infer the target's personality correctly (Powell & Goffin, 2009). 

Therefore, the accuracy of personality evaluation relies on the relevance, accessibility, 

detection, and utilisation of behavioural cues (Funder, 1995). 

2.3.1.3 Lens Theory 

Additional to FORT and RAM, Brunswik's Lens Model or Theory has been widely 

used in studying cue relevance, utilisation, and judgement accuracy across domains, 

including personality traits (Martin, 2019). This theory suggests that when people judge 

personality, they rely on available cues from the target, which may vary in relevance (Martin, 

2019). Accurate judgements occur when the perceived cue attributes are of high quality, 

match reality, and are relevant to the specific characteristics being studied (Martin, 2019; 

Mosier & Kirlik, 2004). Therefore, as described by Brunswik (1996) and in line with RAM, 

in the present study, the lens model may explain how decisions are made regarding 
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personality by interpreting the available cues, forming judgements, and evaluating their 

accuracy. Accurate personality evaluation relies on the target displaying relevant cues, 

detectable by the evaluator, and correctly utilised for assessment (Letzring et al., 2006). 

2.3.1.4 Human Evaluator Training Frameworks Integrated 

The training of human evaluators typically follows an integrated and standardised 

approach to ensure consistency and accuracy in personality assessments, which has been 

shown to improve the accuracy of ratings for most traits (Lievens & Sanchez, 2007; Powell & 

Goffin, 2009). Central to this process is Frame-of-Reference Training, which appears to 

enhance evaluators' accuracy by aligning assessment criteria, providing behavioural examples 

and feedback. This method is underpinned by schema-based learning theory, which equips 

evaluators with refined mental frameworks for processing and interpreting personality-related 

information. Complementing FORT, Funder’s Realistic Accuracy Model (RAM) and 

Brunswik’s Lens Theory aim to provide theoretical foundations to understand the 

complexities of personality evaluation. RAM emphasises the interplay of cue relevance, 

detectability, and utilisation in forming accurate judgements, while Lens Theory focuses on 

the evaluator's ability to interpret and apply observed behavioural cues effectively. Together, 

these frameworks could help and guide trainers and evaluators to achieve higher accuracy in 

personality assessment by addressing both the practical and theoretical aspects of the 

evaluation process. 

2.3.2 Modular Framework 

Lievens and Sackett (2017) suggest enhancing selection procedures by adopting a 

modular approach to the core components of the selection process. This approach, also called 

modularity, involves assessing the extent to which smaller elements of a system, such as 

selection processes, can be separated, reconstructed, and used to enhance the system's 

effectiveness (Lievens & Sackett, 2017). This approach aims to improve the selection process 

by examining the effects of its measurement components, such as personality assessments, on 

the results and validity of the process (Lievens & Sackett, 2017). By breaking selection 

procedures into components, it is possible to better identify shared elements and differences 

across various methods, as well as determine how and whether the process can be enhanced 

(Lievens & Sackett, 2017). Therefore, a modular approach allows for the development of new 

selection procedures by adapting, combining and integrating different components (Lievens 

& Corstjens, 2018). Central to this concept is predictor constructs and predictor methods, 

because they form the key components of selection procedures (Lievens & Sackett, 2017). 



 29 

2.3.2.1 Predictor Constructs and Predictor Methods 

Predictors in personnel selection refer to specific behavioural domains, from which 

information is gathered using a particular method, and can be understood through their 

components: predictor constructs and methods (Arthur & Villado, 2008). 

As noted by Lievens and Sackett (2017), predictor constructs are the psychological 

traits or attributes assessed during a selection process. These constructs are often organised 

into frameworks, such as personality traits (Arthur & Villado, 2008; Lievens & Sackett, 

2017). On the other hand, predictor methods are the specific techniques used to collect 

information about these constructs, such as questionnaires and interviews (Arthur & Villado, 

2008; Lievens & Sackett, 2017). Therefore, while predictor constructs define what is 

measured, predictor methods focus on how that information is gathered (Arthur & Villado, 

2008; Lievens & Sackett, 2017). These methods can be further broken down into smaller 

components known as "predictor method factors," such as the response format, scoring 

approach and response evaluation consistency, which help distinguish different selection 

tools (Lievens & Sackett, 2017). Predictor constructs, predictor methods and factors are 

important concepts within the modular approach to selection processes and beneficial for 

conceptualising the current study. 

2.3.2.2 Relevance to the Current Study 

In the context of the current study, which examines human and AI evaluations of 

personality in asynchronous video interviews, the modular framework supports the 

exploration of how specific components, such as scoring approaches (predictor method 

factor), affect personality (predictor construct) ratings from AVIs (predictor method). By 

isolating and studying these components, the study could help drive further innovation and 

refine the methods used in selection procedures. The insights gained from the scoring 

approach (human and AI) could potentially inform and improve one another, ultimately 

contributing to more effective and integrated selection practices, particularly in personality 

assessment from AVIs. In particular, factors related to predictor methods and scoring, as 

outlined in Annexure A, are summarised and adapted from Lievens and Sackett (2017). 

Notably, the predictor method factor, namely Response Evaluation Consistency, discussed in 

the following section, is particularly relevant to this study. 

2.3.2.3 Response Evaluation Consistency 

Within the Modular Framework, Response Evaluation Consistency refers to 

standardising scoring responses (Lievens & Corstjens, 2018). The scoring process can be 

either unconstrained, where evaluators do not have clear criteria or expected answers, or 
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more calibrated, where evaluators are trained to apply predetermined answers and/or 

evaluative criteria when assessing candidates (Lievens & Corstjens, 2018; Lievens & Sackett, 

2017). In the context of this study, calibration is used, where human evaluators, through their 

training as described in Section 2.3.1 and Chapter 3, are provided with scoring guidelines, 

and AI is typically programmed to score in a predefined manner, such as the closed-

dictionary approach (Holtrop et al., 2022). Automated scoring is expected to represent the 

highest level of standardisation in response evaluation and can improve the reliability and 

validity of the process (Lievens & Corstjens, 2018). However, the rating consistency of 

human raters can be enhanced through rubrics and training (Lievens & Sackett, 2017).  

Therefore, these adjustments in interview scoring, such as automation, training, and 

rubrics, can enhance consistency and promote further innovation (Lievens & Corstjens, 

2018). This is particularly relevant for examining the convergence between human evaluators 

and AI in AVIs on personality, as it may improve our understanding of these methods and the 

comparability and reliability of these assessments. 

2.3.3 Alternative Conceptual Model of AVI Design 

Lukacik et al. (2022) propose a framework for understanding factors related to AVI 

design, focusing on pre-interview design decisions and their impact on candidates' 

perceptions and interview outcomes. Like the modular approach, their AVI design model 

emphasises how choices made during the pre-interview phase, such as using human or 

computerised scoring and other technology-related decisions, can impact applicant outcomes 

and performance (Lukacik et al., 2022). Although not the primary focus of this study, such 

design decisions may also influence candidates’ overall perceptions of the assessment 

method, which could affect their interview performance, results and organisational attraction. 

This process is shown in Figure 3 below, highlighting how the AVI evaluation method could 

impact the interview outcomes, as further discussed in section 2.4. 
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Figure 3 

Conceptual or theoretical framework illustrating how pre-interview AVI design influences 

post-interview results. 

 

 

 

 

 

 

 

 

 

Source. Adapted from Lukacik et al. (2022). 

2.4 AVI Scoring: Human vs. AI Evaluators 

Effective evaluators, the “good judge”, produce high-quality ratings, defined by their 

accuracy in assessing attributes against specified criteria (De Kock et al., 2020). Only human 

evaluators have traditionally scored and evaluated interview performance, including 

asynchronous video interviews (Koutsoumpis et al., 2024). However, organisations 

increasingly incorporate AI technologies to complement and enhance decision-making in 

human resource (HR) practices, such as recruitment and selection (Hickman et al., 2024).  

Currently, both human evaluators and artificial intelligence play essential roles in 

evaluating and scoring asynchronous video interviews (Suen et al., 2019), each influencing 

the assessment outcome, as illustrated in Figure 3, particularly about the evaluation features 

within AVI design (Lukacik et al., 2022). The ability to automatically infer personality traits 

from responses to job interview questions can replace traditional time-consuming personality 

assessments (Dai et al., 2022). However, AI and human evaluators have advantages and 

limitations, making it essential to consider their integration in the ongoing quest to find and 

establish ‘the good judge’ (De Kock et al., 2020; Xu, 2022). The following section elaborates 

on some of these advantages and limitations and the application of our two evaluators of 

interest: humans and artificial intelligence. 

2.4.1 Human Judgements of Personality from Interviews 

Currently, the primary decision-maker in recruitment and assessments remains human 

and will continue to be crucial in the foreseeable future (Hmoud & Várallyai, 2019; Langer et 

al., 2019). Research shows that human evaluators typically produce high-quality results, 
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detect subtle or nuanced personality traits and adapt well to new applications or contexts, 

compared to computer-based evaluations (Cummings et al., 2020; Prinzing et al., 2024). 

However, humans are also susceptible to biases that can distort data (Cummings et al., 2020).  

Effective interviews require adequate training for both interviewers and evaluators 

(Holtrop et al., 2022; Koutsoumpis et al., 2024). Human involvement in interviews can be 

time-consuming, and individuals differ in their ability to predict outcomes and personality 

traits from interviews or written data (Holtrop et al., 2022). Therefore, it is clear that human 

involvement in interviews, though often preferred, come with challenges including time 

constraints and potential biases. 

Since humans create algorithms, human biases can be embedded in AI algorithms 

during coding, potentially causing AI systems to exhibit those biases (Koutsoumpis et al., 

2024; Soleimani et al., 2022). As per subsequent sections, AI may offer efficiency and 

impartiality in selection decisions, but still lacks genuine human understanding and 

judgement. AI/ML, as a supplementary tool to human decision-making in recruitment and 

selection, remains plausible and promising (Goretzko & Israel, 2022; Neumann et al., 2023).  

2.4.2 AI/ML Judgements of Personality from Interviews 

It is clear that personality assessment can be conducted through various methods 

(Jayaraman et al., 2024), with artificial intelligence and machine learning emerging as some 

of the most significant innovations in personnel selection since the start of employment 

assessments (Campion & Campion, 2023). Words people use reveal rich insights into their 

personality, which are commonly analysed and studied through text, typically referred to as 

content coding, content analysis, or text analysis (Prinzing et al., 2024). More than eight 

years before the current study, Campion et al. (2016) demonstrated the potential of 

computerised scoring for competencies from written data, showing that computers can 

achieve reliability comparable to human raters, with evidence of construct validity and 

significant cost savings (Cascio & Aguinis, 2024). Currently, seventy-nine percent of 

employers already utilise some form of AI in their recruitment and selection processes (Mori 

et al., 2024), with more than two-thirds of international HR professionals reporting plans to 

use AI in 2025 (HireVue, 2024). 

2.4.2.1 Text Analysis: Closed- and Open-Vocabulary 

Text-analysis techniques, particularly the text-to-personality method, still hold 

considerable promise for automatically evaluating job-relevant psychological traits during 

interviews (Holtrop et al., 2022). These algorithms analyse text derived from AVIs, whether 

transcribed manually or through automated means (Holtrop et al., 2022). Automatic 
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transcription can be accomplished using speech-to-text software, such as Google Cloud's 

speech-to-text (Koutsoumpis et al., 2024) or the transcription facility in Microsoft Word 

(University of Queensland, n.d.).  

The advancements in AI and ML have enhanced our understanding and methods of 

analysing candidates' personalities; however, they are yet to be perfect (Goretzko & Israel, 

2022; Hinds & Joinson, 2024). Currently, open- and closed-vocabulary techniques are 

commonly used to obtain text-based personality scores from AVIs, with the closed-

vocabulary approach relying more heavily on human judgement than the open-vocabulary 

method (Holtrop et al., 2022).  

2.4.2.1.1 Closed-vocabulary algorithms. Closed-vocabulary algorithms allocate words to 

psychosocial categories, such as personality, to create dictionaries for scanning text, counting 

keyword frequencies, and generating scores (Eichstaedt et al., 2021; Holtrop et al., 2022).  

2.4.2.1.2 Open-vocabulary algorithms. Open-vocabulary methods, on the other hand, are 

more advanced data-driven algorithms that identify clusters of words from large linguistic 

datasets without relying on predefined personality-related words and categories (Eichstaedt et 

al., 2021; Holtrop et al., 2022).  

Typically, to optimise the efficacy of AI techniques, substantial and diverse datasets 

are necessary for personality evaluation (Holtrop et al., 2022). Machine learning algorithms 

developed for AVIs aim for maximal convergence by assigning weights to specific indicators 

to optimise alignment with human-reported personality evaluations (Hickman et al., 2022). 

AI/ML algorithms often demonstrate higher inter-judge agreement than human evaluators 

when assessing the same personalities (Youyou et al., 2015).  

While AI offers exciting prospects for personnel selection, it is not without faults 

(Goretzko & Israel, 2022; Hickman et al., 2022). For example, AI systems can demonstrate 

biases like humans when they derive knowledge from potentially biased or incomplete data 

sources (Xu, 2022). Algorithms trained on such datasets may reflect these biases, impacting 

their predictions (Koutsoumpis et al., 2024). It is also highly likely that AI may miss certain 

subtleties if not adequately trained on the nuances that humans may detect and use in their 

evaluations, which is particularly relevant in the closed-dictionary approach (Cummings et 

al., 2020; Hickman et al., 2022; Holtrop et al., 2022; Prinzing et al., 2024). Only when trained 

effectively can AI/ML algorithms identify patterns within datasets that may elude human 

detection (Stachl et al., 2020).  

Therefore, while the ability of AI to render judgements on par with or better than 

human evaluators seems promising, the training of such systems, particularly on large, 



 34 

representative datasets, as well as further education and training of human resource 

personnel, appear essential to support HRM processes such as recruitment and to mitigate 

potential human shortcomings such as biases (Goretzko & Israel, 2022; Hinds & Joinson, 

2024; Lukacik et al., 2022; Mirowska, 2020; Riedl, 2019). Language-based analysis of 

personality appears most promising in the quest to introduce and enhance AI in recruitment 

and selection (Holtrop et al., 2022; Koutsoumpis et al., 2024), as discussed in the following 

section. 

2.4.2.2 Language Analysis and Natural Language Processing (NLP) 

Language use reflects our personality and individual differences (Holtrop et al., 

2022). Therefore, AVIs can be analysed to identify key phrases and evaluate people’s 

specific language (Lukacik et al., 2022). Research indicates a strong connection between 

language use and personality traits, with many studies comparing linguistic patterns with self-

reported or observed behaviours (Park et al., 2015). Consequently, a key aspect of this study 

is the application of text-to-personality language analysis techniques to assess personality 

traits. 

2.4.2.2.1 Natural Language Processing (NLP). Natural Language Processing (NLP) is a 

field of AI that enables computers to understand, interpret, and generate human language, 

making it instrumental in analysing text data and facilitating fair assessments of candidates' 

responses (Campion & Campion, 2023). However, training with criterion data is required 

(Campion & Campion, 2023).  

Several NLP approaches have been applied in both research and practice. Recently, 

transformer-based models, such as XLNet, have gained popularity for text-based personality 

prediction and other NLP tasks due to their superior contextual understanding (Jayaraman et 

al., 2024). Holtrop et al. (2022) developed the HEXACO text-to-personality technique 

(HTTP) based on the HEXACO personality assessment to evaluate personality traits during 

job interviews, demonstrating its validity and reliability. These text-analysis techniques 

represent promising advancements in assessing job-related psychological attributes during 

interviews (Holtrop et al., 2022; Koutsoumpis et al., 2024). However, Hickman et al. (2024) 

argue that while automated language-based personality inference can streamline the 

recruitment process, decision-makers should balance its convenience against its moderate 

accuracy in replicating human ratings and its potential to amplify existing biases. 

2.4.2.2.2 Generative Pre-trained Transformers (GPTs). Although beyond the scope of the 

current study, recent psychological research has also examined Generative Pre-trained 

Transformers (GPTs) in text analyses and within the AVI context. Prinzing et al. (2024) 
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compared GPTs to humans in text analyses, with the models being untrained while the 

humans were trained, and found that GPT-based analysis is as valid and reliable as human-

based text analysis. Another study found that GPTs, as a form of AI, may threaten the 

validity of AVIs as a selection assessment (Canagasuriam & Lukacik, 2025). Individuals who 

used AI assistance to 'cheat' in their interview responses achieved significantly higher overall 

performance scores than those who did not rely on AI (Canagasuriam & Lukacik, 2025).  

While interesting and alarming, these studies highlight the potential and challenges of 

using language analysis in psychological assessment, and the need for further research to 

integrate AI effectively into human-dominated selection practices. 

Drawing on the reviewed literature, the following hypothesis was proposed as a 

tentative answer to the first and second research questions: 

H1a. A positive relationship exists between human evaluator ratings and AI algorithm ratings 

in evaluating each HEXACO personality trait from AVIs. 

2.4.2.3 Assessment Legislation and the Relevance of AVIs and AI Scoring in 

South Africa 

Artificial Intelligence (AI) involves using digital computerised technology to perform 

tasks that typically require human intelligence, facilitating data processing, pattern 

recognition, and task automation (Mori et al., 2024; Riedl, 2019). While AI may offer 

advantages over human evaluations, such as reducing human bias in scoring and providing 

timely feedback, it also raises ethical concerns, including privacy issues, algorithmic 

imperfections, and challenges related to transparency (Hunkenschroer & Luetge, 2022). 

Given the limited international regulation on the use of AI, Hunkenschroer and Luetge (2022) 

recommend that companies establish internal standards for its ethical use in recruitment, 

ensuring compliance with privacy laws, maintaining transparency, and incorporating human 

oversight. 

In South Africa, interviews, AVIs and personality assessments, as well as their 

scoring, whether human or AI-based, are highly relevant due to regulations such as the Health 

Professions Act 56 of 1974 (HPA), the Employment Equity Act 55 of 1998, the Employment 

Equity Amendment Act of 2013, and the Protection of Personal Information Act of 2013 

(POPIA). Unlike international contexts, the HPA mandates that only qualified and registered 

psychological professionals may administer, score, interpret, and communicate assessment 

findings, ensuring ethical standards and participant protection (HPCSA, 2008). 

Complementing this, the Employment Equity Act requires that selection methods 

demonstrate validity, reliability, and fair application, ensuring no group or individual is 
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unfairly disadvantaged (Foxcroft & Roodt, 2013). Additionally, POPIA governs the lawful 

processing of personal data, requiring consent, transparency, and robust data security 

measures to protect individuals’ privacy throughout the assessment process (Coetzee et al., 

2021). Internationally, Booth et al. (2021) also highlighted the importance of accuracy, 

fairness, and bias elimination when developing AI or ML models for high-stakes recruitment 

scenarios.  

Therefore, regarding AI use in South Africa, clear guidelines for AI in assessments 

are not yet available. The Department of Communications and Digital Technologies (DCDT) 

has developed the South African National Artificial Intelligence Policy Framework (Towards 

the Development of South Africa National Artificial Intelligence Policy), which outlines the 

country’s approach to and appropriate use of AI (Department of Communications and Digital 

Technologies, 2024). This policy framework highlights key areas of focus, particularly the 

use of AI to improve employment opportunities and foster economic growth. However, its 

implementation in organisational areas such as recruitment and selection remains unclear. 

Nonetheless, it may be important for South African practitioners to continuously ensure that 

whichever assessment methods are used in recruitment and selection align with existing 

legislation and regulations. As extensively discussed by Oosthuizen (2022), Industrial / 

Organisational (I/O) Psychologists, as psychological practitioners in the workplace and in 

line with the Health Professions Council of South Africa’s (HPCSA) scope of practice, find 

themselves at the forefront of the rise and revolutionisation of AI in the workplace and must 

ensure its effective, legitimate, and reliable application. This brings the focus back to the 

alignment of human and AI scoring, as explored in the following section. 

2.4.3 Convergence, Interrater Agreement, and Methodological Consistency 

In evaluating the alignment between human and AI-based scoring, concepts such as 

construct validity, convergence, rank-order stability, interrater agreement, and 

methodological consistency emerge.  

Construct validity refers to the degree to which a test or instrument accurately 

measures the theoretical construct it was designed to assess (Foxcroft & Roodt, 2013; 

Serapio-García et al., 2023). In the current study context, it ensures that the personality 

assessments, whether conducted by human raters or AI, accurately reflect the specific traits 

defined by the HEXACO model. Convergence, as a facet of construct validity, refers to the 

extent to which different methods, such as assessments made by human raters and those made 

by AI, produce similar results when evaluating the same constructs, specifically the 

HEXACO personality traits in this study (Cheung et al., 2024). Additionally, rank-order 
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stability in this context also refers to the consistency or correlation of personality traits over 

time or across different evaluators (Henry et al., 2024; Wortman et al., 2012). Notably, from 

previous research, the strongest correlation is observed between human and AI measures of 

extraversion, likely due to extraversion being the most recognisable personality trait within 

the HEXACO framework (Holtrop et al., 2022). It was therefore proposed that: 

H1b. Convergence between AI and observer personality ratings will be strongest for 

extraversion, compared to other personality traits. 

Interrater agreement, as a measure of interrater reliability, emphasises the level of 

consistency or similarity between the scores provided by different raters, which is important 

for ensuring that the methods are comparable (Cascio & Aguinis, 2024). Therefore, it is 

important to highlight the importance of producing comparable outcomes despite differing 

scoring methodologies. By examining these aspects, this study aims to assess the validity of 

AI as an alternative to human scoring.  

2.5 Conclusion and Research Hypotheses 

In conclusion, this study explores the alignment between human evaluator ratings and 

AI-based assessments of personality traits in asynchronous video interviews (AVIs), 

recognising the crucial role of personality in predicting job performance. As AI becomes 

increasingly integrated into personnel selection, mainly through AVIs, understanding the 

potential for consistency between AI algorithms and human evaluations is vital. This research 

focuses on assessing that alignment, explicitly emphasising the HEXACO personality traits. 

Therefore, as explored further in the following chapter, to analyse the alignment between the 

scoring methods, the independent variable is the human evaluators' scores. In contrast, the 

dependent variable is the AI algorithm scores derived from AVI text analysis. The following 

hypotheses were also proposed earlier in the chapter as important for testing in the study. 

Null Hypothesis (H0): There is no significant relationship between human evaluator 

ratings and AI algorithm ratings in evaluating each HEXACO personality trait from AVIs. 

Alternative Hypothesis (H1a): A positive relationship exists between human 

evaluator ratings and AI algorithm ratings in evaluating each HEXACO personality trait from 

AVIs. 

Alternative Hypothesis (H1b): The convergence between AI and observer ratings of 

personality will be strongest for extraversion compared to other personality traits. 
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Chapter 3: Research Methods 

This chapter outlines the methods and steps the researcher used to gather empirical 

data for testing the hypotheses. It includes an overview of the research design, study 

components, population and sample, data collection process, integrated ethical 

considerations, data capture, data preparation, and statistical analysis. 

3.1 Research Design 

This study adopted a quantitative approach, utilising a within-subjects post-test only 

experimental design. In this design, also known as a repeated measures design, each 

participant is exposed to all independent variables and conditions under investigation 

(Charness et al., 2012; Rosenthal & Rosnow, 2008). Specifically, participants’ AVIs are 

evaluated for personality by human scorers and an AI text-to-personality algorithm developed 

for this study. This design enables the comparison of scores across different measurement 

conditions (Rosenthal & Rosnow, 2008). The primary focus of the research is to compare the 

ratings provided by human evaluators with those generated by the AI algorithm. This 

necessitates a within-subjects design that allows each participant to be evaluated using both 

scoring methods. The human evaluators score the participants' HEXACO personality traits 

based on the AVI text transcripts. At the same time, the AI algorithm also evaluates the same 

transcripts according to the HEXACO model and its traits. These study components are 

discussed in greater detail in the following sections. 

3.2 Components of the Study 

The components of the study, outlined below, include two approaches or methods to 

evaluating personality from AVI transcripts. The first component involves human evaluators, 

trained in personality assessment using the HEXACO model. The second component 

involves an AI algorithm to analyse the AVI transcripts and score or evaluate HEXACO 

personality traits. These two approaches will be further elaborated upon in the following 

sections. 

3.2.1 Human Evaluators 

The human evaluators consist of post-graduate students in Industrial and 

Organisational Psychology at the University of Cape Town (UCT), who received extensive 

training in AVI personality assessment (AVI-PA) techniques relevant to this study. While the 

original intention was to include only honours degree students, the decision was later made to 

extend participation to master’s degree students to enhance the diversity of perspectives and 

expertise within the evaluator group. The evaluation group comprised 15 individuals with 

varying expertise and exposure in Industrial and Organisational (I/O) Psychology. Thirteen of 
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the evaluators were honours degree students specialising in I/O Psychology, while the 

remaining two were enrolled in a professional master's degree programme in I/O Psychology. 

The latter were registered as student psychologists with the Health Professions Council of 

South Africa (HPCSA) at the time of evaluation, with one evaluator additionally holding a 

Doctorate-level degree (PhD) in I/O Psychology. Although there is no clear indication in the 

literature of whether rater experience or age significantly impacts rating quality (De Kock et 

al., 2020), this combination of academic qualifications and experience may have provided a 

strong foundation for insightful AVI personality evaluations.  

As indicated, postgraduate students were chosen as the human evaluators because, 

according to the literature, they can perform well with training and may even outperform 

some recruiters (De Kock et al., 2020; Petersheim et al., 2022; Powell, 2008). While 

experienced recruiters may excel in certain aspects, such as deception detection, students 

demonstrate nearly comparable proficiency in evaluating personality traits and even surpass 

recruiters in traits like extraversion, conscientiousness, and openness (Schmid Mast et al., 

2011). Therefore, well-trained students, as Powell (2008) guided, can accurately assess 

overall personality characteristics based on interview data. The primary approach to rater 

training is frame-of-reference (FOR) training, which aims to standardise evaluations and 

reduce rater bias by aligning raters' understanding of assessment criteria and enhancing the 

quality and accuracy of scores (De Kock et al., 2020; Herde & Lievens, 2023; Powell & 

Goffin, 2009).  

Student human evaluators were therefore trained on how to conduct personality 

assessments using the HEXACO model and given comprehensive training in understanding 

AVIs and how to evaluate these, following a frame-of-reference (FOR) training technique, 

provided in more detail later. This type of training typically provides evaluators with 

consistent benchmarks and definitions to improve their scoring accuracy (Herde & Lievens, 

2023; Powell, 2008). The evaluators scored each interview based on specific criteria to 

identify key personality traits from the AVIs. Training materials, including examples, 

practice evaluations, and feedback sessions, are provided and included in Annexures E and F, 

primarily acquired and adapted from Koutsoumpis et al. (2024) to ensure that the evaluators’ 

training and ratings align with previous research, the expected evaluation process and 

personality dimensions. Another study component is the AI algorithmic scoring approach, 

which is discussed below. 
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3.2.2 AI Text-to-Personality Algorithm  

The AI HEXACO text-to-personality algorithm used in this study builds on the work 

of Holtrop et al. (2022) and Koutsoumpis et al. (2024). It applies the HEXACO personality 

model as the assessment framework to estimate personality traits from AVI transcripts. The 

algorithm assesses all HEXACO traits: Honesty-Humility, Emotionality, Extraversion, 

Agreeableness, Conscientiousness, and Openness to Experience by analysing the content 

(text or words) of the transcripts, aligning with the closed-dictionary approach (Eichstaedt et 

al., 2021; Holtrop et al., 2022). The algorithm is theoretically grounded, as previous research 

shows correlations with self-reported and interviewer-rated personality evaluations (Holtrop 

et al., 2022; Koutsoumpis et al., 2024; Stevenor et al., 2024). See Annexure B for a 

demonstration and explanation of the AI algorithm. 

3.2.2.1 Text Analysis with Python 

The text analysis was coded and conducted using Python, which is widely preferred 

for data analysis and automation due to its ease of use, versatility, and extensive library 

(additional tools) support (Soliev et al., 2023). Specifically, the Regular Expression ('re') 

package and the Python built-in text processing functions were used for tasks such as string 

manipulation (or text preparation) and data preprocessing (Chapman & Stolee, 2016; 

Stenegren, 2023). These were used alongside the OpenPyXL and Pandas Python libraries (or 

tools), which are software packages that provide a wide range of functions to simplify data 

handling and analysis, enabling faster and more accurate management and processing of data 

(McKinney, 2022; Stenegren, 2023). These libraries and packages automated tasks such as 

reading and extracting data from text files, performing text analysis (e.g., using Regular 

Expressions) to score HEXACO traits, and outputting the resulting scores into Excel files for 

further analysis and review (Chapman & Stolee, 2016; McKinney, 2022; Stenegren, 2023). 

Python's variety of libraries, built-in tools, and integration with Microsoft Excel enable 

seamless data handling, analysis, and visualisation (McKinney, 2022; Soliev et al., 2023), 

making it particularly useful for the algorithm in this study, which relies on text data and 

Excel for both input and output. 

3.2.2.2 Specific Design of the Closed-Dictionary Algorithm 

The closed-dictionary algorithm was developed to evaluate the participant transcripts 

against a predefined HEXACO personality trait dictionary stored in Excel. The algorithm 

assessed each word in the transcripts, assigning scores based on factor loadings outlined by 

Holtrop et al. (2022). The algorithm automated the scoring process by matching words in the 



 41 

transcript with corresponding traits in the dictionary. The resulting scores were aggregated 

for each HEXACO personality trait and automatically exported in Excel for further analysis. 

3.2.2.2.1 Scoring methodology. The closed-dictionary approach calculated scores by 

analysing the frequency and types of words used, comparing them to a predefined trait 

dictionary in Excel format. The AI algorithm compares the text to predetermined dictionaries 

of personality-related words linked to each HEXACO trait. The internal scoring process of 

the algorithm considers the frequency and context of these words to assign scores for each 

personality trait. Scores were computed on an interval scale ranging from -1 to +1, where -1 

indicated a negative presence of the trait, 0 represented an equal balance of negative and 

positive presence, and +1 reflected a positive presence of the trait. As Holtrop et al. (2022) 

outlined, this interval-based scoring method offered a structured and standardised framework 

for evaluating personality traits. Annexure B provides more details on how the algorithm 

functions, including examples of how it scores specific interview responses. 

3.2.3 HEXACO Text-to-Personality AI Algorithm Repository 

The HEXACO text-to-personality AI algorithm has been made publicly available on 

GitHub to promote transparency and facilitate future research. This repository provides 

access to the algorithm and related resources, ensuring that researchers and practitioners can 

explore, replicate, and build upon the methodology used in this study. The GitHub repository 

can be accessed at the following link: https://github.com/TB-

UCT/HEXACO_Text_to_Personality_Project.  

3.3 Independent and Dependent Variables 

Both groups of evaluators (human and AI) generated scores on the exact six 

HEXACO dimensions. However, the method of evaluation differs, making the comparison 

between these two evaluation methods the key focus of the research. Therefore, considering 

the research design, the independent variable represents the human evaluator’s scores, while 

the dependent (criterion) variable represents the AI algorithm evaluation based on the AVI 

text analysis. 

3.4 Data Collection 

3.4.1 Source of Data 

The AVIs used in the study are considered secondary data obtained from previous 

studies (Ebrahim, 2022; Patel, 2022). The interviews are based on a position at a fictional 

organisation named “Hooper”, and each participant’s interview included five questions, as 

provided in Table 1, directly obtained and provided by Patel (2022) and Ebrahim (2022). 

 

https://github.com/TB-UCT/HEXACO_Text_to_Personality_Project
https://github.com/TB-UCT/HEXACO_Text_to_Personality_Project
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Table 1 

Interview Questions 

Question 

Number 

Question 

1 Describe a time when you had to collaborate with others to succeed at a task. 

What was the task you had to accomplish? What made the collaboration 

successful? What was your role or contribution? 

2 Describe a situation where you had to evaluate the risks, benefits, and potential 

outcomes of a decision. For example, buying something important, investing in 

something, starting a new project, etc. How did you handle it? And what was 

the outcome? 

3 Describe a time when you took the lead on a group project. What was the 

project, how did you behave as a leader, and what was the outcome? 

4 How would you handle a situation where your work colleagues ignore your 

ideas and input? 

5 How do you manage your time and prioritise tasks? 

Source. Ebrahim (2022) and Patel (2022). 

3.4.1.1 Fictitious Company and Interview Setup 

Participants were presented with a fictitious company introduction and asked to 

imagine they were applying for a job of their choice at the company (Ebrahim, 2022; Patel, 

2022). A general company introduction was used instead of a specific job description to 

avoid linking the interview to any particular role (Ebrahim, 2022; Patel, 2022). This approach 

was taken to prevent participants from disengaging or dropping out of the study if they 

disliked a particular job description (Ebrahim, 2022; Patel, 2022). Additionally, it was 

intended to prevent participants from forming a negative perception of the AVI process based 

on a disinterest in the job role (Ebrahim, 2022; Patel, 2022).  

3.4.1.2 Online AVI Platform and Recording Settings 

Development and presentation of the AVIs are discussed in Ebrahim (2022) and Patel 

(2022). The AVIs were conducted using the online video interviewing platform, 

myInterview. The platform was set up to give participants 60 seconds to prepare before the 

video recording began. Moreover, participants had unlimited time to respond to each 

question, unlimited chances to re-record their answers, and the option to complete the 

interview in segments. These settings were kept constant to minimise confounding variables, 
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such as reconsideration and performance. Participants were given a practice round before the 

official interview to familiarise themselves with the platform. The practice setup mirrored the 

interview configuration. All participants were instructed to respond in English. 

3.4.1.3 Video and Audio Specifications 

High-quality welcome videos and pre-recorded interview questions in 1080p (full 

HD) resolution at 60 frames per second (FPS) were used (Ebrahim, 2022; Patel, 2022). The 

audio was recorded at a 48kHz sampling rate (Ebrahim, 2022; Patel, 2022). The videos were 

filmed in a foyer to resemble a lobby setting, with a white female interviewer in her mid-

twenties (Ebrahim, 2022; Patel, 2022). In line with Social Presence Theory (Chapter 2), 

fostering connection enhances communication quality, influencing the quality of candidate 

responses and the data used for scoring (Patel, 2022; Rizi & Roulin, 2024). To align with this 

theory, human features, such as video introductions and engaging question formats, are 

incorporated to enhance engagement and create a more immersive experience, ultimately 

intended to help improve the response quality (Lukacik et al., 2022; Patel, 2022). The AVIs 

were also edited using Adobe Premiere Pro 2021 to be presented with a company logo, 

instructions, and tips for completing the AVI (Ebrahim, 2022; Patel, 2022), as illustrated in 

Figure 4.  

3.4.1.4 Welcome Video and Interview Questions 

The welcome video lasted approximately four minutes and 35 seconds, briefly 

introducing the fictitious company and providing guidance for completing the AVI (Ebrahim, 

2022; Patel, 2022). As per Table 1, interview questions included three behavioural and two 

situational questions, addressing communication, interpersonal skills, leadership, critical 

thinking, and time management (Ebrahim, 2022; Patel, 2022). These dimensions were chosen 

because they are commonly used in interviews and relevant to various job roles. (Ebrahim, 

2022; Patel, 2022) A screenshot of how the questions were displayed is shown in Figure 5. 
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Figure 4 

AVI Welcoming Video Screenshot 

 
Note. Screenshot obtained from Patel (2022) 

 

Figure 5 

AVI Question 2 Screenshot 

 
Note. Screenshot obtained from Patel (2022) 
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After watching the video that presented the question, participants clicked "Start 

Recording" and were directed to a recording page similar to the one shown in Figure 3 

(Ebrahim, 2022; Patel, 2022). As illustrated in Figure 3, the video-based AVI questions were 

accompanied by text-based versions of the questions (Ebrahim, 2022; Patel, 2022). The 

welcome video and interview questions were all delivered in English (Ebrahim, 2022; Patel, 

2022), as per Table 1. As discussed in the following section, the recorded video-based 

answers per question were transcribed into text-based answers for evaluation purposes. 

Figure 6 

AVI Question 1: Text-Based 

 
Note. Screenshot obtained from Patel (2022) 

3.4.2 Textual Data 

All recorded interviews were transcribed using a consistent transcription process and 

Microsoft Office 365’s built-in transcription service, as advised by the University of 

Queensland (n.d.), to ensure uniformity in text analysis. Consistency is a key criterion for 

data quality; therefore, the human evaluators and the AI algorithm drew from the same set of 

information (Cong et al., 2007; Koutsoumpis et al., 2024). This study used textual data from 

the transcribed interviews to evaluate the AVI participants’ personalities. This textual data is 
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essential for human evaluators and the AI algorithm, as it allows for an unbiased comparison 

of how each scoring system interprets personality traits from the same source material. 

Although human evaluators were provided with video recordings as background and 

supplementary information, their training emphasised that they should not rely on visual cues 

to evaluate personality. Instead, the textual data from the transcribed interviews was primarily 

used in this study to evaluate the AVI participants’ personalities by human and AI evaluators. 

It was outside the scope of this study to analyse video data. 

Much like the algorithmic scoring approach to assess the AVIs that had to be 

developed for the study, as outlined in preceding discussions, humans were also trained to 

score the AVI data. The following section describes the training process undertaken by the 

human evaluators. 

3.5 Training of Human Evaluators 

The two components or variables of the study were explicitly geared towards 

evaluating personality from the AVIs. The algorithm was programmed (as detailed in Section 

3.2.2), while the human evaluators, the second component, received comprehensive training 

focused on assessing the HEXACO personality model from AVI responses. Guided by 

prominent studies, the training process primarily followed frame-of-reference (FOR) training, 

which aligns evaluators by defining performance assessment criteria, providing examples, 

and offering practice sessions with feedback (Herde & Lievens, 2023; Roch et al., 2012). 

Additionally, the process incorporated the Realistic Accuracy Model proposed by Funder 

(1995) and Brunswik’s (1956) Lens Theory. Before the training session, the human 

evaluators were thoroughly oriented to the process through an invitation letter (Annexure C), 

welcome emails, a consent form (Annexure D), pre-training readings (Annexure E), and a 

two-hour in-person training session, as outlined in Annexure F and discussed in more detail 

in the following section. 

3.5.1 Frame of Reference Training (FORT) 

The frame-of-reference training (FORT), which formed the basis of the training 

approach, was developed by Bernardin and Buckley (1981) to improve the precision of 

evaluators' assessments and to train new raters in adaptable rating frameworks, thereby 

facilitating smoother and more efficient information processing (Martin, 2019). FORT has 

been proven successful in improving the accuracy of evaluators’ ratings (Roch & O'Sullivan, 

2003). FORT aims to establish a standardised approach to observing behaviour and 

developing a common reference point for identifying effective and ineffective performance, 

ensuring that raters' standards align with the purpose (Bernardin & Buckley, 1981). 
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Typically, trained raters using the Frame-of-Reference (FOR) method provide more accurate 

ratings than untrained raters, confirming the success of FOR training (Roch & O'Sullivan, 

2003), as detailed in the next section. 

3.5.1.1 Frame of Reference Training (FORT) Approach 

The primary objective of FORT is to prepare raters to effectively use a specific 

system in observing behaviour and evaluating performance (Lievens & Sanchez, 2007). This 

approach is grounded in the schema-based theory of learning, which describes how a mental 

framework, shaped by existing knowledge and beliefs, prioritises key details, filters out 

irrelevant ones, and evolves with the integration of new information (Gorman & Rentsch, 

2009; Lievens & Sanchez, 2007). 

3.5.1.1.1 Principles of FORT. The standard FORT approach adheres to three principles: 

exposure, practice, and feedback (Martin, 2019). This process aims to equip raters with 

schemata that is more suitable than their existing mental frameworks (Lievens & Sanchez, 

2007). The FORT process is well guided by the works of Martin (2019) and Powell and 

Goffin (2009), as discussed below. 

In the exposure phase, the multifaceted nature of the construct, such as personality, is 

introduced, with each aspect clearly defined. Trainers present illustrative behavioural 

scenarios (vignettes) representing each construct aspect. During the practice stage, trainee 

raters can evaluate the dimensions portrayed in the vignettes. They are also required to 

provide justifications for their assessments. In the feedback process, trainers review and 

provide feedback on the accuracy of the trainee raters' evaluations. The feedback includes 

communicating the correct ratings for each vignette based on normative data derived from 

expert raters’ 'true scores'. Trainers also explain the rationale behind these true scores to 

ensure understanding. 

FORT aims to establish a reliable framework for consistent and accurate performance 

evaluations. This study complements it with the Realistic Accuracy Model and Lens Theory, 

described in the following section. 

3.5.2 Realistic Accuracy Model 

The Realistic Accuracy Model (RAM) highlights the complexity of personality 

assessment and the need to move beyond simple definitions thereof, instead delving deeply 

into complex issues regarding the validity of personality traits and their measurement 

(Funder, 1995; Powell & Goffin, 2009). Successful judgements, marked by accuracy, result 

from a combination of a capable judge, an understandable target, sufficient accessible 

information and evident traits or characteristics that are readily noticeable (Chen, et al., 
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2018). Accurate personality judgement entails the individual exhibiting relevant behaviour, 

which must be noticeable to the evaluator, who must then correctly recognise and interpret 

the cues to accurately infer the target's personality (Powell & Goffin, 2009). Thus, the 

accuracy of personality evaluation relies on the relevance, accessibility, detection, and 

utilisation of behavioural cues (Funder, 1995). Aligning with the work of De Kock et al. 

(2020), the Realistic Accuracy Model accentuates the significance of having both a 'good 

judge' (evaluator) and access to 'good information' (available data). Therefore, RAM suggests 

that to assess personality effectively, it is important to consider how well the traits are 

expressed and how accurately others or raters can observe them. Building on these concepts 

is the Lens Theory, as described below. 

3.5.3 Lens Theory 

Brunswik's Lens Theory has been widely used in studying cue relevance, utilisation, 

and judgement accuracy across domains, including personality traits (Martin, 2019). This 

theory suggests that when people judge personality, they rely on available cues from the 

target, which may vary in relevance (Martin, 2019). Accurate judgements occur when the 

perceived cue attributes are high quality, match reality, and are relevant to the specific 

characteristics studied (Martin, 2019; Mosier & Kirlik, 2004). Therefore, as described by 

Brunswik (1995) and in line with RAM, in the present study, the lens model may explain how 

decisions are made regarding personality by interpreting the available cues, forming 

judgements, and evaluating their accuracy. Accurate personality evaluation relies on the 

target displaying relevant cues detectable by the evaluator and correctly utilised for 

assessment (Letzring et al., 2006). Therefore, these aspects were incorporated into the 

training of human evaluators. 

3.5.4 Training Method 

As explored in the previous sections, the Realistic Accuracy Model and Lens Theory 

were considered in designing and implementing the frame-of-reference training stages: 

exposure, practice, and feedback. These concepts are further contextualised in the following 

section, which covers the pre-training and training materials. 
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3.5.4.1 Pre-Work Training Material 

It was decided that the training session should be complemented with preparatory 

work, estimated to take approximately 30 to 60 minutes. Pre-work activities for training 

sessions typically serve as instructional support, helping individuals engage more effectively 

with the material and fulfilling several key roles: introducing relevant content, strengthening 

understanding, and enabling more meaningful discussions (Koszalka et al., 2021). The pre-

work, provided in Microsoft PowerPoint slides, introduced key topics to the human 

evaluators, including the study's objectives, the HEXACO personality model, and 

Asynchronous Video Interviewing (AVI). The content was structured into three sections: 

AVI as interview approach, the HEXACO model, and Scoring Criteria, ensuring evaluators 

gained familiarity with the essential concepts required for the training session. This 

preparatory work was valuable as it established a foundational knowledge base upon which 

the training could be built, assuming evaluators had a basic understanding of these topics. 

The PowerPoint slides included text, visuals and the researcher’s narration. The 

narrated slides were designed following Mayer’s Cognitive Theory of Multimedia Learning 

and principles from Social Agency Theory. Mayer’s Cognitive Theory of Multimedia 

Learning emphasises the integration of visuals and audio narration to reduce cognitive load 

and enhance information retention (Mayer & Moreno, 2003; Mayer, 2021). This approach 

aimed at presenting information clearly, helping human evaluators process complex material 

effectively. Furthermore, principles from Social Agency Theory were incorporated, using a 

human voice in the narration to foster a sense of connection and engagement, making the 

learning experience more personable and relatable (Atkinson et al., 2005). Overall, the pre-

work provided a structured, engaging, and more personal foundation, preparing the evaluators 

for the upcoming training process. 

3.5.4.2. Training Process 

During the initial phases of the training session, evaluators were introduced to the 

study, reminded of key ethical considerations when evaluating personality and completed a 

brief knowledge test based on the pre-work to assess their understanding. Including a 

knowledge test in training is important as it enhances retention and understanding of the 

material while identifying areas that require further clarification (Bae et al., 2019; Roediger et 

al., 2011). Evaluators were encouraged to note any uncertainties from the pre-work and bring 

these questions to the training session, ensuring a comprehensive, collective, and shared 

understanding of the material. This structured approach aimed to enhance the evaluators' 
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readiness and effectiveness during the training session, following the FORT approach, 

provided below. 

3.5.4.2.1 Exposure. The researcher gave a brief lecture and recapitulation on AVIs and the 

HEXACO personality model for approximately one hour. The exposure phase covered the 

details of the AVIs, the five interview questions, the rating scale, each HEXACO scale, and 

the corresponding behavioural cues. The cues or descriptions were mainly derived from the 

study by Koutsoumpis et al. (2024). 

3.5.4.2.2 Practice. The practice phase consisted of 'example tasks' and 'practice tasks.' The 

researcher guided the human evaluators through the 'example tasks,' which involved two 

interview responses discussed as a group. Afterwards, the researcher provided scores and the 

reasons for them, which were also discussed as a group. When a specific HEXACO cue was 

identified, the researcher explained it and opened up the discussion to the group on (a) why it 

constituted a HEXACO cue and (b) which HEXACO trait it represented, in line with and 

ensuring effective cue utilisation (Funder, 1995). 

Subsequently, the human evaluators individually completed the 'practice tasks,' which 

involved watching and analysing transcribed AVIs from two participants, accompanied by 

the HEXACO traits, definitions, and rating scales. Each AVI was analysed for each of the six 

HEXACO traits. After each AVI, the human evaluators assessed the extent to which each 

candidate demonstrated the various HEXACO traits on the provided rating scale, ranging 

from 1 to 5. A score of 1 indicated a very low indication of the specific trait. In contrast, 5 

indicated a very high indication, as outlined in Table B3, Annexure B, and the training 

material in Annexures E and F. The human evaluators shared their ratings with a nearby peer 

upon completion. Any significant or persistent discrepancies were brought up for group 

discussion to ensure a standard for scoring and the interpretation of responses in accordance 

with the provided scoring and interpretation material. 

3.5.4.2.3 Feedback. The researcher reviewed the practice task with the human evaluators to 

ensure accurate detection and utilisation of relevant HEXACO cues while providing a 

rationale for the ratings. They were given a 15-minute break, after which the process of 

exposure, practice, and feedback was repeated. 

The training programme aimed to ensure that the students or human evaluators 

understood how to score each personality trait based on the interview transcripts. Examples 

and descriptors of high, medium, and low trait scores were provided to ensure the human 

evaluators had a consistent benchmark when assessing the HEXACO personality traits. The 

following steps in the evaluation process were clearly discussed with the human evaluators, 
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including when to expect access to the participants' videos, which were uploaded to a secure 

OneDrive folder. Access was provided via the human evaluators’ student UCT email 

addresses, granting them access to their assigned participants for rating. This included the 

relevant rating sheet with instructions. Annexures E and F provide these steps and the 

complete training material. 

3.6 Population and Sample 

The target population includes working-age individuals applying for various jobs 

through AVIs as selection tools, with AI algorithms assessing their performance and 

personality traits. The AVI set included 198 pre-recorded AVIs from the USA, drawn from 

previous studies by Ebrahim (2022) and Patel (2022). The sample characteristics are detailed 

in Table 2, presenting the USA AVI samples from the studies by Ebrahim (2022) and Patel 

(2022), which utilised the same AVIs but differed in sample sizes. The current study utilised 

these secondary data samples, selecting 161 out of the 198 videos provided in the previous 

studies as adequate. Each participant's videos (comprising five questions per participant) 

were manually inspected by the researcher for completion, clarity, and duration. A minimum 

length of approximately 10 seconds per response was considered acceptable, although more 

extended responses were preferred. 

Table 2 
Demographic Statistics for the USA Sample of AVI Participants 

Demographic Category Ebrahim (2022) (N = 162) Patel (2022) (N = 169) 

Gender 
  

Female 99 (61.1%) 104 (61.50%) 

Male 62 (38.3%) 64 (37.90%) 

Other 1 (0.6%) 1 (0.60%) 

Employment Status 
  

Employed 116 (71.6%) 99 (58.60%) 

Unemployed 26 (16.0%) 26 (15.40%) 

Student 16 (9.9%) 17 (10.10%) 

Student and working part-time 3 (1.9%) 3 (1.80%) 

Missing values 1 (0.60%) 2 (1.20%) 

Device Used 
  

Laptop 115 (71.0%) 150 (88.76%) 
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Desktop 29 (17.9%) - 

Smartphone 14 (8.6%) 18 (10.65%) 

Tablet 3 (1.9%) - 

Missing values 1 (0.6%) 1 (0.60%) 

Resolution - 
 

High Definition (720p) - 109 (64.50%) 

Full HD and above - 60 (35.50%) 

AVI Experience 
  

Yes (asynchronous) 42 (25.9%) 8 (4.73%) 

Yes (synchronous) 26 (16.0%) 35 (20.71%) 

Yes (unsure) 20 (12.3%) 20 (11.83%) 

No 73 (45.1%) 79 (46.75%) 

Missing values 1 (0.6%) 1 (0.59%) 

Note. Sample information obtained and adapted from Ebrahim (2022) and Patel (2022). 
 

3.7 Data Collection, Analysis and Procedure 

3.7.1 Ethical Approval and Registration of the Study 

Before the commencement of the research, the researcher obtained ethical approval 

from the Ethics in Research Committee at the University of Cape Town (Annexure G) and 

DSA100 approval from the Department of Student Affairs to involve UCT students in the 

research study (Annexure H). After ethical approval was granted, the researcher pre-

registered the study on AsPredicted (available at https://aspredicted.org/k4g2-3yy2.pdf), as 

outlined in Annexure I. Preregistration was conducted to demonstrate a strong commitment to 

preventing questionable research practices, avoiding the formation of hypotheses after results 

are known (a practice termed HARKing), and promoting open science (Buchanan et al., 

2021; Ebrahim, 2022; Field, 2018).  

3.7.2 Data Collection 

Data collection involved obtaining secondary data comprising asynchronous video 

interviews, scoring from human evaluators, and results from the AI text-to-personality 

algorithm. 

3.7.2.1 Secondary Data: AVIs 

According to previous studies from which the AVIs originate (Ebrahim, 2022; Patel, 

2022), the AVI data was collected over six weeks between September and October 2021. The 

study involved a sample from the United States of America (USA). Prolific, an online 

https://aspredicted.org/k4g2-3yy2.pdf


 53 

participant recruitment platform (Palan & Schitter, 2018), was used to recruit participants for 

the USA sample. Once participants clicked on the study link, they were provided with a 

description of the study, informed that their anonymity would be protected, and advised of 

their right to withdraw from the study at any stage, as participation was voluntary. 

Participants were compensated upon completion. These videos were securely stored within 

the section of organisational psychology at UCT, with access granted to the researcher 

following ethical clearance. 

3.7.2.2 Human and AI Evaluations 

The data collection for human and AI evaluations followed a structured timeline. 

Human evaluators were initially given until 15 September 2024 to submit their final ratings, 

with each evaluator assessing approximately ten participants, though this varied slightly in 

some cases. However, an extension was granted to accommodate additional time needs, and 

the final human ratings were collated at the end of October 2024, all recorded in Microsoft 

Excel format. Concurrently, by the end of October 2024, the final AI-based text-to-

personality algorithm was ready for use, generating scores automatically, which were also 

produced in Microsoft Excel format. These datasets were thus prepared by the end of October 

2024 for further analysis. 

3.7.3 Data Capture, Preparation, and Analysis 

Several steps were undertaken to prepare the dataset for analysis, following 

recommendations by Field (2018) and Tabachnick and Fidell (2019). All data was initially 

captured in Microsoft Excel before being imported into SPSS, also known as the Statistical 

Package for the Social Sciences (Grotenhuis & Visscher, 2014), for further analysis. 

3.7.3.1 Data Cleaning and Preparation 

The dataset underwent an initial visual inspection in Excel, a crucial step for 

identifying anomalies and ensuring accuracy (Tabachnick & Fidell, 2019). After transferring 

the data to SPSS, Missing values were assessed using SPSS’s Missing Values Analysis 

(MVA) tool, which evaluates patterns and provides options for managing missing data, such 

as listwise deletion (George & Mallery, 2019). Outliers were detected through visualisations 

like histograms, box plots, and normal probability plots, enabling decisions on whether to 

retain, transform, or remove extreme values based on their potential influence on findings 

(Field, 2018). 

Additionally, variable coding was standardised to distinguish between human and AI 

ratings of HEXACO traits. Human evaluations were labelled with the suffix “_Human” (e.g., 

E_Human), while AI ratings used “_AI” (e.g., E_AI), facilitating clarity in subsequent 
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analyses (Arkkelin, 2014). Both human and AI ratings, originally on different scales, were 

standardised to a uniform range of 1 (Very Low) to 5 (Very High), reflecting HEXACO trait 

presence. Subsequent analyses focused primarily on correlations and supporting analyses, 

such as inter-rater reliability, briefly outlined below but discussed in more detail in Chapter 4. 

3.7.3.2 Descriptive Statistics and Correlation Analysis 

Descriptive statistics were computed to examine central tendencies, dispersion, and 

assumptions for analysis (Ebrahim, 2022; George & Mallery, 2019; Grotenhuis & Visscher, 

2014). A correlation matrix was generated to explore associations between HEXACO traits 

and the scoring methods, namely human vs AI. Spearman correlation, chosen for its 

robustness with ordinal data, offered a parsimonious method to identify the strengths of 

associations without inferring causality (Field, 2018). This approach aligned with the study’s 

goal of examining the convergence between human and AI evaluations in HEXACO 

personality assessments. 

3.7.3.3 Inter-Rater Reliability 

To ensure consistency among human evaluators, inter-rater reliability was assessed 

using SPSS’s Intraclass Correlation Coefficient (ICC), based on ten videos rated on five 

questions by all evaluators, guided by Field (2018). This step aimed to inspect the reliability 

of human scores and to minimise the risk of inconsistencies arising from their subjective 

judgement (Foxcroft & Roodt, 2013). In addition, the variability of the AI algorithm was 

analysed as an indication of consistency. More details on this analysis and its findings are 

provided in Chapter 4. 
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Chapter 4: Results and Data Analysis 

This chapter details the statistical findings of this study and is structured as follows. 

First, the data cleaning process is detailed, ensuring the dataset is accurate and free from 

inconsistencies, missing values, and to assess whether outliers are present. Following this, the 

descriptive statistics of the dataset are presented, providing an overview of the dataset as 

rated by both humans and AI. This is followed by a detailed analysis that explores the 

correlations between human and AI ratings for each HEXACO trait to determine the extent of 

convergence. Additionally, the examination of inter-rater reliability among human raters, 

assessing the consistency of their evaluations and those of the AI, is provided. Finally, the 

chapter concludes with a hypothesis testing section, summarising the findings about the 

stated research hypotheses. 

4.1 Introduction 

This chapter presents the study's findings, focusing on evaluating HEXACO 

personality traits from AVI responses using human raters and an AI-based evaluation 

method. The AI method was developed specifically for this study, employing the closed-

dictionary or vocabulary approach guided by Holtrop et al. (2022) and their HEXACO Text-

to-Personality method. The main objectives of this chapter are to examine the level of 

convergence between human and AI ratings of HEXACO personality traits derived from text-

based asynchronous video interviews and to assess the reliability and consistency of these 

ratings, with an additional focus on the interrater reliability of human raters. 

The analyses conducted in this chapter are aligned with the study's hypotheses, 

explored in Chapter 2, which are as follows: 

Null Hypothesis (H₀): There is no significant correlation between human evaluator 

ratings and AI algorithm ratings in evaluating each HEXACO personality trait from 

asynchronous video interviews. 

Alternative Hypothesis (H1a): A positive relationship exists between human 

evaluator ratings and AI algorithm ratings in evaluating each HEXACO personality trait from 

AVIs. 

Alternative Hypothesis (H1b): The convergence between AI and observer ratings of 

personality will be strongest for extraversion, compared to other personality traits. 

A series of quantitative analyses were conducted to address these hypotheses. After 

data cleaning, these analyses included descriptive statistics, Spearman correlation analyses, 

inter-rater reliability assessments using the Intraclass Correlation Coefficient (ICC), and 
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additional analyses to evaluate variance and the degree of alignment between human and AI 

ratings, as outlined in the following sections. 

4.2 Data Cleaning and Preparation 

The initial phase of the analysis involved data cleaning to ensure the dataset's integrity 

before conducting statistical analyses, which is essential for accurate analysis and reliable 

decision-making (Chu et al., 2016). Following the best practices outlined by Field (2018) and 

Tabachnick and Fidell (2019), data preparation was conducted using Microsoft Excel and 

SPSS. This process included several key steps, which are detailed in the following sections: 

(1) Data Inspection and Conversion, (2) Format Adjustment for Analysis, (3) Variable 

Coding, (4) Handling Missing Values, (5) Assessment of Normality, and (6) Outlier 

Detection and Management. 

4.2.1 Data Inspection and Conversion 

The researcher first performed an initial baseline visual inspection in Excel, as 

reviewing the original data carefully is the most effective way to ensure a data file's accuracy 

(Tabachnick & Fidell, 2019) before proceeding with the statistical analysis in SPSS. A 

specific and important step was the conversion of AI ratings to the 1-to-5-point scale, as used 

with human raters. While the AI ratings were initially scored on a scale ranging from -1 to 

+1, the data had to be converted to ensure that both human and AI evaluations were assessed 

on a scale of 1 (Very Low) to 5 (Very High), indicating the presence of the HEXACO trait. 

The AI scoring and conversion process is described in more detail in Annexure B: AI Scoring 

Process. 

4.2.2 Format Adjustment for Analysis 

The final dataset used for analysis comprised ratings from human evaluators and the 

AI technique, both on the same scale, and was formatted in two ways: long and wide formats, 

as each allowed for different types of analysis (Field, 2018), as described in this chapter. 

4.2.3 Variable Coding 

The researcher ensured that variables were consistently labelled in data coding to 

differentiate between human and AI ratings for the HEXACO traits. This involved renaming 

columns in the dataset to follow a clear and structured naming convention. Specifically, 

human ratings were labelled with the suffix “_Human” (e.g., E_Human for the Emotionality 

trait rated by a human evaluator), while AI-generated ratings were labeled with the suffix 

“_AI” (e.g., E_AI). This clear and systematic approach to variable naming helped avoid 

confusion. It maintained clarity when working with the dataset, as Arkkelin (2014) guided, 

ensuring that human and AI ratings were easily identifiable for subsequent analyses.  
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4.2.4 Handling Missing Values 

After converting scores, transferring them to SPSS and variable coding, the first step 

in data cleaning focused on identifying and addressing missing values within the dataset. 

Using SPSS, a comprehensive check for missing data was conducted by generating frequency 

tables and descriptive statistics. This allowed for identifying any patterns or occurrences of 

missing values across the key variables (Tabachnick & Fidell, 2019), particularly the 

HEXACO trait ratings from both human and AI evaluations. 

Upon a thorough review, as per Table 3 and Annexure J, no missing values were 

found across the key variables, namely the HEXACO trait ratings provided by human 

evaluators and the AI method. As a result, no further action, such as listwise deletion or 

imputation, was necessary (George & Mallery, 2019; Tabachnick & Fidell, 2019). This step 

ensured that the dataset was fully intact, allowing for further analysis without concerns of 

data loss or potential biases related to missing data handling. 

Table 3 

Descriptive Statistics Verification of Completeness for HEXACO Trait Ratings 

Variable N Mean  

(M) 

Std. Deviation 

(SD) 

Missing 

Count 

% Missing 

Human      

H 161 3.74 .58 0 .00 

E 161 2.95 .52 0 .00 

X 161 3.45 .46 0 .00 

A 161 3.65 .49 0 .00 

C 161 3.94 .55 0 .00 

O 161 3.42 .50 0 .00 

AI      

H 161 3.08 .10 0 .00 

E 161 3.00 .08 0 .00 

X 161 3.07 .07 0 .00 

A 161 3.01 .09 0 .00 

C 161 3.15 .08 0 .00 

O 161 2.96 .04 0 .00 

Note. H: Honesty-Humility, E: Emotionality, X: Extraversion, A: Agreeableness, C: 

Conscientiousness, O: Openness to Experience. 
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4.2.5 Assessment of Normality 

4.2.5.1 Correlation Studies and Normality 

Correlation studies are among the most frequently used statistical methods, assuming 

the data are normally distributed (Das & Imon, 2016; Tabachnick & Fidell, 2019). Therefore, 

assessing the normality of the HEXACO trait distributions was key to informing the choice of 

statistical methods.  

4.2.5.2 Methods to Evaluate Normality 

Several approaches were explored to evaluate normality and decide on a statistical 

method (see Das & Imon, 2016; Field, 2018; Tabachnick & Fidell, 2019). These approaches 

included scatter and residual plots, histograms, stem-and-leaf plots, box plots, and the data 

description and distribution function of SPSS. Specifically, quantitative measures of 

normality and distribution shape (including skewness and kurtosis values) and their 

depictions were inspected (Tabachnick & Fidell, 2019), provided in Annexure J. Skewness 

reflects data asymmetry, while kurtosis indicates extreme values through the "tailedness" of 

the distribution (Field, 2018). However, as these measures alone do not conclusively 

determine normality, additional tests were conducted (Das & Imon, 2016).  

4.2.5.3 Statistical Tests for Normality 

As per Table 4, the Kolmogorov-Smirnov (K-S) test with a Lilliefors significance 

correction and the Shapiro-Wilk test were applied to assess deviations from normality. These 

are two standard empirical distribution function (EDF) tests for normality (Das & Imon, 

2016; Field, 2018).  

The Shapiro-Wilk and Kolmogorov-Smirnov (K-S) tests both assess normality; 

however, the Shapiro-Wilk test is generally regarded as more powerful (Field, 2018) and was 

prioritised in the analyses. A significant result on the test (p < .05) indicates that the data 

distribution deviates significantly from normality, meaning it is non-normal (Field, 2018).  

 For the human trait ratings, all tests returned p-values less than .05, indicating 

significant deviations from normality. In contrast, the AI-generated ratings showed a mixed 

result. Some traits (E_AI, X_AI, C_AI, O_AI) did not significantly differ from normality (p 

> .05), suggesting approximate normality for these traits. However, Honesty-Humility 

(H_AI) and Agreeableness (A_AI) deviated significantly from normality. 

4.2.5.4 Statistical Method Selection 

While many parametric statistical methods, such as Pearson’s correlation, require data 

to be normally distributed (Arkkelin, 2014), Spearman's rank-order correlation was selected 

for this analysis. Spearman’s correlation does not assume normality, making it appropriate for 
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data exhibiting non-normal distributions (Field, 2018). Thus, the significant deviations in 

some of the human ratings from normality do not invalidate the use of this method.  

4.2.5.5 Addressing Non-Normality and Outliers 

Non-normality is more common than normality in personality measurement (Bishara 

& Hittner, 2015; Pek et al., 2018). Nonetheless, additional steps were taken to assess the 

impact of outliers, their exclusion, and transformations to normalise the data, reduce 

skewness, and mitigate the influence of extreme values, as outlined in Annexure K. Although 

the original dataset was retained for primary analysis, these steps were implemented 

proactively to prevent biases in correlation studies involving skewed data (Bishara & Hittner, 

2015; Feng et al., 2014). Further details regarding these approaches are provided in the 

outlier management section. 

Table 4 

Tests of Normality for Human and AI Ratings of HEXACO Traits 

Trait Kolmogorov-

Smirnov Statistic 

Kolmogorov-

Smirnov p-value 

Shapiro-

Wilk 

Statistic 

Shapiro-

Wilk p-value 

H_Human .11 < .001 .97 .00 

E_Human .12 < .001 .98 .01 

X_Human .11 < .001 .97 .00 

A_Human .10 < .001 .98 .01 

C_Human .08 .02 .98 .01 

O_Human .14 < .001 .96 < .001 

H_AI .07 .09 .97 < .001 

E_AI .05 .20* .99 .37 

X_AI .05 .20* .99 .65 

A_AI .06 .20* .98 .02 

C_AI .05 .20* .99 .27 

O_AI .04 .20* 1.00 .93 

Note. Kolmogorov-Smirnov test results were evaluated with a Lilliefors Significance 

Correction. An asterisk (*) indicates that the result for the Kolmogorov-Smirnov test is a 

lower bound of the true significance. 

Note. H: Honesty-Humility, E: Emotionality, X: Extraversion, A: Agreeableness, C: 

Conscientiousness, O: Openness to Experience. 



 60 

4.2.6 Outlier Detection and Management 

Outliers, which can skew results and introduce bias, were identified and managed 

using a three-step approach: range-based detection to confirm scoring validity, z-score 

analysis to flag extreme deviations and log transformations to address skewness, as detailed 

in Annexure K, following the guidance of Field (2018) and Tabachnick and Fidell (2019). 

Since the range-based detection method did not reveal any values outside the scoring range, it 

was decided to retain all values and preserve the complete dataset. Additional methods for 

outlier management, as outlined in Annexure K, included: 

Z-Score Analysis: Using a ±3 threshold, outliers were flagged, examined and 

excluded if they fell outside this range. 

Transformations: Square root and Logarithmic Transformations were applied to 

address skewness and ensure normality. 

Despite these efforts, some variables remained non-normal, as per Appendix K. This 

may accentuate the complexity of personality measurement and the importance of retaining 

natural variance in psychological research. As Aguinis et al. (2013) provided, outliers can 

offer valuable insights and contribute to new theoretical perspectives. Decisions about 

including or excluding outliers can significantly affect conclusions (Aguinis et al., 2013), 

impacting the insights regarding whether human and AI personality scoring align and the 

strength of their convergence. Therefore, considering that the extreme values were still within 

the 1–5 scoring range, no erroneous scores were identified, and all data were retained for 

further analysis. Figures J1 to J6 in Annexure J present box plots comparing AI and Human 

scores for each trait, illustrating the distribution, spread, mean scores, score differences 

between rater types, and ‘outliers’. 

4.3 Exploratory Correlation Analysis 

The correlation analysis used Spearman's correlation coefficient, also known as 

Spearman’s rho, a non-parametric measure of association or correlation (Field, 2018). This 

method is chosen because it reduces the impact of outliers and does not require the 

assumptions of normality and linearity needed for parametric tests, making it particularly 

suited for the current dataset that does not align with these assumptions (Field, 2018). 

4.3.1 Spearman's Rank Correlation Overview 

As explored during the data cleaning steps, the normality tests indicated that all 

human-rated HEXACO scores deviate from a normal distribution, as evidenced by significant 

results on the Shapiro-Wilk test for the human-rated traits, as well as for Honesty-Humility 

and Agreeableness rated by AI. In contrast, the other AI-rated scores generally align more 
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closely with a normal distribution, as reflected by the non-significant Shapiro-Wilk test 

results for the remaining HEXACO traits, as shown in Table 3.  

Given this mixed distribution profile and guided by Field (2018), a non-parametric 

correlation method, such as Spearman’s rank correlation, was deemed suitable. While the 

decision was made to proceed with the original complete dataset, a comprehensive 

assessment of the convergence between human and AI ratings was conducted under all three 

conditions outlined above and in Annexure K: inclusion of all data used in the primary 

analysis (Condition 1), exclusion of outliers (Condition 2), and transformation (Condition 3). 

However, the primary correlation analysis and reporting were performed on the raw 

dataset (Condition 1) to preserve its integrity without imposing any conditions. Since data 

cleaning revealed no values outside the expected rating range (1–5), and psychological data is 

known to exhibit diversity due to inherent human differences (Field, 2018), all original scores 

were retained. 

4.3.2 Main Correlation Analysis 

As mentioned earlier, the main study and analysis were based on the dataset that 

retained all data points, including outliers, referred to as Condition 1. This approach differs 

from the other two, where outliers were either removed (Condition 2) or adjusted (Condition 

3), as it preserves the entire dataset. Following the guidance of Aguinis et al. (2013) and Field 

(2018), these outliers were not treated as errors since they fell within the possible range of 

values. Instead, they were considered 'interesting outliers,' which often occur in psychological 

research. The decision to retain them was based on their potential to provide valuable 

insights, particularly in personality assessments, where extreme responses may reflect 

genuine variability in participant traits. Therefore, this central section outlines the steps taken 

to analyse the data while retaining the outliers. The alternative analyses that excluded and 

transformed the data are available in Annexure K. 

Table 5 presents the results of the Spearman correlation analysis conducted on the 

dataset, further discussed and elaborated on in Chapter 5. Significant positive correlations 

were observed for H_Human and H_AI (r = .21, p = .01) as well as C_Human and C_AI (r = 

.16, p = .048). Additionally, other significant yet unexpected correlations emerged, such as 

H_Human and C_AI (r = .17, p = .03), A_AI and X_Human (r = .21, p = .01), A_Human and 

H_AI (r = .18, p = .02), C_AI and H_Human (r = .19, p = .02), X_AI and C_Human (r = .16, 

p = .04), and O_Human and H_AI (r = .18, p = .02). These findings may reveal similarities in 

how these traits are perceived and rated by the two methods.  
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In addition to the individual trait-level correlation analysis, this study was particularly 

interested in this study was the examination of the overall correlations across traits, as 

detailed in the next section. 

 

4.3.3 Correlation Across All Ratings 

An additional analysis was conducted on the aggregated dataset to further explore the 

relationship between human evaluator ratings and AI algorithm ratings, considering all 

ratings rather than individual HEXACO traits.  

Table 5 

Spearman’s rho Correlation Coefficients: Condition One 

Variable H_AI E_AI X_AI A_AI C_AI O_AI 

H_Human .207 -.034 .007 .059 .169 -.013 

p-value .008 .672 .930 .456 .032 .872 

E_Human -.004 .118 .142 .133 -.140 .068 

p-value .963 .136 .073 .094 .077 .392 

X_Human .295 .042 .088 .207 .037 -.041 

p-value <.001 .600 .269 .008 .643 .610 

A_Human .179 -.025 .133 .053 .186 -.028 

p-value .023 .752 .091 .503 .018 .725 

C_Human .142 -.060 .162 -.017 .156 .019 

p-value .073 .453 .039 .827 .048 .816 

O_Human .182 .039 .136 .141 .106 .046 

p-value .021 .621 .085 .075 .179 .565 

N = 161.  

Note.  The values in this table are rounded to three decimal places due to lower values 

for some traits. However, when reported outside the table, they are rounded to two 

decimal places, except for the C trait correlation, which is rounded to three decimal 

places as it is near significance (p < .05) and of particular interest in the study on 

convergence. 

Note.  H: Honesty-Humility, E: Emotionality, X: Extraversion, A: Agreeableness, C: 

Conscientiousness, O: Openness to Experience. 
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4.3.3.1 Overall Correlation Results (Across Traits) 

As shown in Table 6, the Spearman correlation for all ratings was significant and 

moderately positive (r = .29, p < .001), with a 95% confidence interval of [.23, .35], 

indicating a stronger relationship than the trait-specific correlations. There is a 95% chance 

that this confidence interval contains the true population correlation coefficient between 

human-rated and AI-rated scores of .29. 

Table 6 

Overall Spearman's Correlation Between Human and AI Evaluators: All HEXACO Traits 

Variable Pair Spearman’s Correlation p-value Sample Size (N) 

Human vs AI .29 < .001 966 

 

4.3.3.2 Summarised Correlation Findings 

Table 7 summarises the correlation coefficients for each HEXACO trait and the 

overall correlation. Figure 7 further illustrates the scatterplots for the six individual traits at 

the trait level and the combined overall (across traits) correlation. 

Table 7 

Summarised Correlation Coefficients Between AI and Human Scoring: HEXACO Traits 

Trait N Correlation (r) p 

Overall (Across Traits) 966 .29 < .001** 

Honesty-Humility (H) 161 .21  .01* 

Emotionality (E) 161 .12 .14 

Extraversion (X) 161 .09 .27 

Agreeableness (A) 161 .05 .50 

Conscientiousness (C) 161 .16 .048* 

Openness to Experience (O) 161 .05 .57 

Note. * p < .05. ** p < .001. The C trait correlation is intentionally rounded to three decimal 

places to highlight its near significance (p < .05). 

4.3.3.3 Key Observations from Scatterplots 

As shown in Figure 7, the scatterplots illustrate the combined correlation (across 

traits) and six trait correlations individually. Overall, human and AI scores showed positive 

covariation, with a significant positive correlation for Honesty-Humility (H) and 

Conscientiousness (C), but weaker and non-significant correlations for the other traits 

(Extraversion, Agreeableness, and Openness). 
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Figure 7:  

Scatterplots for correlations between Human and AI evaluations for each HEXACO trait and 

the overall correlation across traits. Each scatterplot includes a regression line, Spearman 

correlation coefficient and indication of significance. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note. * p < .05. ** p < .001. 

Across Traits Correlation 
r = .29, p < .001 ** 

r = .21, p = .01 * 

Within Traits (Trait-Level) Correlations 

r = .12, p = .14  r = .09, p = .27  

r = .05, p = .50  r = .16, p = .048 * r = .05, p = .57 
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4.3.3.4 Correlation Outcomes and Hypotheses 

As shown in Tables 5, 6 and 7, statistical tests were conducted to assess the 

relationships between human and AI-rated HEXACO traits, retaining outliers. Spearman’s 

rho correlations were used to evaluate these relationships, as this non-parametric measure is 

less sensitive to the effects of outliers than Pearson’s correlation (Field, 2018). The 

correlation matrices revealed several significant relationships between variables, offering 

insight into the degree of convergence between human and AI scoring methods. 

In line with findings from a similar study by Holtrop et al. (2022), correlations 

between human and AI scores for the HEXACO traits were generally small to moderate, with 

most Spearman’s rho values falling below .30. Notably, a significant overall correlation was 

observed (r = .29, p < .001), along with specific trait correlations for Honesty-Humility (r = 

.21, p = .01) and Conscientiousness (r = .16, p = .048). Other unexpected correlations 

involving traits that are not typically paired were also observed, as discussed earlier and 

presented in Table 6. These results suggest some convergence between the scoring methods. 

However, the relationships for the remaining traits were weak and not statistically significant. 

4.4 Hypotheses Exploration and Testing 

This section examines the hypotheses by analysing the relationships between human 

and AI ratings across the HEXACO traits with a significance threshold of p < .05. The null 

hypothesis (H0) posits no significant relationships between human evaluator ratings and AI 

algorithm ratings for the HEXACO traits. Two alternative hypotheses were proposed: 

H1a: A positive relationship exists between human and AI ratings for each HEXACO 

trait. 

H1b: Convergence between AI and human ratings will be more substantial for 

Extraversion than other traits. 

Building on the correlation findings discussed earlier, the following section delves 

into hypothesis testing to evaluate the alignment between human and AI ratings for the 

HEXACO traits. 

4.4.1 Hypotheses Testing: Trait-Level and Overall Convergence 

Hypothesis testing is conducted at both the trait level, examining each HEXACO trait 

individually and at the overall level (across traits) by assessing correlations or convergence in 

the aggregated correlation data. 

4.4.1.1 Trait-Level Hypotheses Testing 

Honesty-Humility (H). The correlation between human and AI ratings for Honesty-

Humility was statistically significant (r = .21, p = .01), with a small to medium effect size 
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(Cohen, 1988). These results support H1a and lead to the rejection of H0 for Honesty-

Humility. 

Emotionality (E). A weak positive but non-significant correlation (r = .12, p = .14) 

was found, suggesting no meaningful convergence between human and AI ratings for 

Emotionality. Consequently, H0 is not rejected for this trait, and H1a is not supported. 

Extraversion (X). The correlation for Extraversion was weak and non-significant (r = 

.09, p = .27). H1a is not supported, and H0 is not rejected. Additionally, H1b is not supported, 

as Extraversion did not demonstrate the most substantial convergence between human and AI 

ratings; Honesty-Humility exhibited the most substantial alignment. 

Agreeableness (A). A weak and non-significant correlation (r = .05, p = .50) was 

observed, providing no evidence of notable alignment between human and AI ratings for 

Agreeableness. This result fails to reject H0, and H1a is not supported. 

Conscientiousness (C). A small but significant positive correlation (r = .16, p = .048) 

was found, suggesting some alignment between human and AI ratings for this trait. H1a is 

supported (and H0 is rejected). 

Openness to Experience (O). The correlation for Openness to Experience was very 

weak and non-significant (r = .05, p = .57), providing no evidence of meaningful 

convergence. Thus, H0 is not rejected, and H1a is not supported for this trait. 

4.4.1.2 Overall Correlation (Across Traits) 

An overall correlation was calculated to complement the trait-specific analyses to 

assess the general relationship between human and AI ratings across all HEXACO traits. The 

results revealed a statistically significant positive correlation (r = .29, p < .001), with a 95% 

confidence interval of [.23, .35], suggesting moderate convergence between the two scoring 

methods. Therefore, H1a is supported, and H0 is rejected. 

4.4.2 Further Observations 

Several incidental correlations were observed between AI and human ratings across 

different traits. This suggests a potential overlap in how these traits are assessed by the two 

scoring methods, which warrants further exploration in future research. For example, AI-

scored Honesty-Humility exhibited a significant positive correlation with human-rated 

Extraversion (r = .30, p < .001), an unexpected finding. Additionally, AI-rated Honesty-

Humility was significantly positively correlated with human-rated Agreeableness (r = .18, p 

= .02) and Openness to Experience (r = .18, p = .02), revealing further unexpected 

covariation between scoring approaches for these different traits. 
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Further significant correlations include AI-rated Extraversion vs. human-rated 

Conscientiousness (r = .16, p = .04), AI-rated Agreeableness and human-rated Extraversion 

(r = .21, p = .01), AI-rated Conscientiousness vs. human-rated Honesty-Humility (r = .17, p = 

.03), and AI-rated Conscientiousness vs. human-rated Agreeableness (r = .19, p = .02). These 

findings highlight expected and surprising correlations between traits and raters, suggesting 

evidence of convergence between AI and human assessment of personality from AVIs. 

4.4.3 Summary of Hypotheses Testing 

Overall, the results partially support H1a, with significant positive correlations 

observed for Honesty-Humility and Conscientiousness. These mixed findings suggest some 

alignment between human and AI ratings, although the lack of covariation for other traits 

limits the overall support for H1a. The significant overall correlation, indicating a moderate 

and positive relationship, provides additional evidence that human and AI evaluations align 

when considered in aggregate, even though individual trait correlations were sometimes 

weaker or non-significant. H1b, however, was not supported. Contrary to expectations, 

Extraversion did not demonstrate the most substantial convergence between human and AI 

ratings. Instead, Honesty-Humility exhibited the most substantial alignment.  

4.5 Additional Analyses 

As per the following section, the reliability, consistency, and variability in HEXACO 

ratings across human and AI scoring were examined, along with MANOVA and ANOVA, to 

further assess the alignment between human and AI scoring in support of the main analysis.  

4.5.1 Consistency and Variability in Human and AI HEXACO Ratings 

This section examines the consistency of human raters in evaluating HEXACO 

personality traits and the variability in trait ratings between human evaluations and AI 

predictions. Consistency, or reliability, in this context refers to the extent to which a 

measurement produces stable and consistent outcomes when assessing the same construct 

under similar conditions (Brandmaier et al., 2018). The analysis focuses on two main aspects: 

the inter-rater reliability of human evaluations, measured using the Intraclass Correlation 

Coefficient (ICC), and the variability in ratings generated by human raters compared to the 

AI algorithm. While the single-score-per-participant AI design limited its reliability 

assessment, examining its variability and standard deviations around mean scores compared 

to human evaluations offered valuable insights into the consistency of both approaches. 

4.5.1.1 Human Rater Reliability Analysis 

To assess inter-rater reliability among the fifteen human raters who evaluated the 

same ten participants, the Intraclass Correlation Coefficient (ICC) was calculated (Field, 
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2018; Leyland et al., 2014). Following the guidance from Koutsoumpis et al. (2024), the ICC 

was used to evaluate the level of agreement between raters for personality ratings from the 

AVIs. The ICC ranges from 0 (no agreement) to 1 (perfect agreement) (Leyland et al., 2014). 

Table 8 summarises the ICC and Cronbach’s Alpha values for each HEXACO trait. 

These metrics were identical in this study, as the ICC was calculated using the two-way 

mixed consistency method in SPSS (IBM, 2020). This alignment is consistent with the study 

design, where all fifteen raters evaluated the same participants on the same HEXACO traits. 

Table 8 

Interrater Reliability for HEXACO Traits 

Trait ICC (Average Measures) α 

Honesty-Humility (H) .67 .67 

Emotionality (E) .66 .66 

eXtraversion (X) .90 .90 

Agreeableness (A) .89 .89 

Conscientiousness (C) .90 .90 

Openness to Experience (O) .83 .83 

 

4.5.1.1.1 Reliability results. The reliability of ratings across the six HEXACO personality 

traits was evaluated using the Intraclass Correlation Coefficient (ICC, Average Measures), as 

per Table 8. The results demonstrated varying levels of interrater agreement, with ICC values 

ranging from .66 to .90. These findings reflect the degree of consistency among the fifteen 

raters when assessing the ten participants across each trait. Desirable Cronbach’s alpha values 

typically range between .70 and .80, as suggested by Field (2018); however, in psychology, 

where diversity is inherent, values as low as .50 may be sufficient in early-stage research. 

4.5.1.1.2 Trait-specific analysis. Honesty-Humility and Emotionality exhibited moderate or 

sufficient agreement, with ICCs of .67 and .66, respectively. While slightly lower than others, 

these values were sufficient for early-stage personality research (Field, 2018; Leyland et al., 

2014). In contrast, Extraversion, Agreeableness, Conscientiousness and Openness to 

Experience demonstrated even higher than desired reliability (Field, 2018), with ICC and 

alpha values of .90, .89, .90, and .83 respectively. This indicates a very high level of 

agreement among raters for these traits, suggesting consistency in their evaluation of the 

HEXACO traits.  
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4.5.1.2 AI and Human Variability in HEXACO Trait Ratings 

The variability in HEXACO ratings between human evaluators and AI predictions 

was examined. While Chapter 5 discusses this in more detail, Table 9 displays the standard 

deviations for the HEXACO trait ratings, revealing notable differences in variability between 

the human and algorithmic scores. 

4.5.1.2.1 Human rating variability. The human ratings exhibit standard deviations ranging 

from .46 to .58, indicating some (or moderate) variability in how different human raters 

assessed the same traits. This suggests that human evaluators may bring subjective judgement 

and interpretation to the assessment, which could lead to a wider distribution of scores. 

4.5.1.2.2 AI rating consistency. In contrast, the standard deviations for the algorithm ratings 

are much more minor, ranging from .04 to .10. Compared to humans, this lower variance 

indicates that the algorithmic predictions are more consistent and clustered around the mean. 

However, this also suggests a limitation in the algorithm's ability to differentiate between 

participants' personalities as effectively as human raters (Allik et al., 2010; Moerdyk, 2022).  

Table 9 

Variability in AI and Human Scores: HEXACO Trait Ratings 

Variable N M SD 

Human    

H 161 3.74 .58 

E 161 2.95 .52 

X 161 3.45 .46 

A 161 3.65 .49 

C 161 3.94 .55 

O 161 3.42 .50 

AI    

H 161 3.08 .10 

E 161 3.00 .08 

X 161 3.07 .07 

A 161 3.01 .09 

C 161 3.15 .08 

O 161 2.96 .04 

Note. H: Honesty-Humility, E: Emotionality, X: Extraversion, A: Agreeableness, C: 

Conscientiousness, O: Openness to Experience. 
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4.5.2 Further Comparison of Human and AI Scoring of HEXACO Traits 

To further assess the alignment between human and AI evaluations of HEXACO 

traits, additional analyses to Spearman correlations were conducted, using MANOVA, and 

ANOVA, following the guidance of Field (2018) and Tabachnick and Fidell (2019). These 

analyses aimed to determine the strength of association between human and AI ratings and 

the presence of systematic differences in trait assessments. MANOVA aimed to identify 

overarching evaluator differences, followed by ANOVA, which assessed trait-specific 

variations between evaluators. Further details on these analyses, including complete statistical 

outputs, are available in Annexure L. 

4.5.2.1 Multivariate Effects (MANOVA) 

Multivariate Analysis of Variance (MANOVA) examined significant differences 

between human and AI scoring across the six HEXACO traits. Pillai’s Trace was chosen as 

the primary test statistic because it remains reliable even if the statistical assumption about 

similar variances (homogeneity of variance-covariance matrices assumption) is not perfectly 

met (Field, 2018). The results revealed significant multivariate effects for evaluator type 

(Pillai’s Trace = .67, F = 329.06, p < .001, η² = .67), trait (Pillai’s Trace = .71, F = 77.62, p < 

.001, η² = .71), and the evaluator x trait interaction (Pillai’s Trace = .60, F = 46.98, p < .001, 

η² = .60), as per Table L2. These results suggest that not only do human and AI evaluators 

score traits differently, but the magnitude of these differences depends on the specific trait 

assessed. In addition to Pillai’s Trace, Wilks' Lambda was also inspected for the Evaluator 

effect, as it provides a more conservative estimate of multivariate differences (Field, 2018; 

Tabachnick & Fidell, 2019), as shown in Table L2. The value of .33 (p < .001) indicates a 

significant divergence between human and AI scores across all six HEXACO traits. A large 

effect size (η² = .67) further suggests that evaluator type (human or AI) plays a key role in 

determining the trait ratings. 

4.5.2.2 Trait-Specific Analyses (Repeated Measures ANOVA) 

Spearman correlations, as reported in Table 7, provided a measure of convergence 

between human and AI ratings. However, to further explore potential systematic differences 

in how the two assessment methods measure the HEXACO traits, repeated measures 

ANOVA was performed with evaluator type (human vs AI) as the within-subjects factor. As 

per Table L3, Mauchly’s test indicated violations of sphericity for Trait (x² = 83.18, p < .001) 

and  Evaluator x Trait interaction (x² = 63.14, p < .001), which could lead to inaccurate 

statistical inferences if not corrected (Field, 2018). Therefore, Greenhouse-Geisser 

corrections were applied to adjust for violations of sphericity, ensuring accurate F-tests (ε = 
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.81 and .85, respectively). Hereafter, the within-subjects effects of evaluator type (human vs. 

AI), trait, and their interaction were examined to identify significant differences in HEXACO 

trait scoring between the two evaluators. The results, as per Table L4, revealed a significant 

main effect of evaluator type (F(1,160) = 329.06, p < .001, η² = .67), indicating substantial 

differences in trait ratings between human and AI evaluators. The main effect of trait was 

also significant (F(4.03, 160) = 128.37, p < .001, η² = .45), suggesting variability in how 

different traits were rated. The interaction effect between evaluator type and trait was 

significant (F(4.26, 160) = 77.06, p < .001, η² = .33). As shown in Table 9, human 

evaluations exhibited greater variability (higher standard deviations), whereas AI ratings 

were more compressed around lower means. Moreover, the MANOVA and ANOVA findings 

confirm that differences between human and AI ratings varied across traits and are explored 

further in the next chapter and in greater detail in Annexure L. 
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Chapter 5: Discussion 

This chapter integrates the study’s findings with existing literature to further analyse 

the convergence and divergence between human and AI evaluations of HEXACO personality 

traits derived from asynchronous video interviews (AVIs). Building on prior research (e.g., 

Hickman et al., 2022; Holtrop et al., 2022; Koutsoumpis et al., 2024), this study offers 

theoretical insights and practical implications for understanding the correlation between AI 

and human scoring of personality in technology-driven interviews (AVIs) within personnel 

selection contexts. The results reveal patterns of convergence and divergence, with reliable 

yet more significant variability in scores from human evaluators compared to the consistent 

AI evaluation. These findings contribute to ongoing discussions on the comparative and 

potentially complementary strengths and limitations of human and AI evaluation methods in 

personnel selection contexts. 

5.1 Interpretation of Findings 

5.1.1 Human-AI Convergence in Evaluation 

Overall, the findings reveal a correlation between human and AI evaluations of 

HEXACO personality traits from AVIs. Small to moderate and significant convergence was 

observed for two HEXACO traits, Honesty-Humility and Conscientiousness, likely due to 

observable linguistic markers that AI could capture in comparison with human observations. 

In contrast, the other traits, Emotionality, Extraversion, Agreeableness, and Openness to 

Experience, demonstrated positive yet weaker and non-significant alignment. This likely 

highlights the algorithm’s limitations in interpreting personality expressions beyond the 

dictionary and the human ability to detect a broader range of linguistic and non-verbal 

markers of personality for these traits. Interestingly, the Honesty-Humility trait in the current 

study (r = .21, p = .01) aligns most closely with the results reported by Holtrop et al. (2022), 

who reported similar statistics for the HTTP (r = .20, p < .05) and keyword counting (r = .17, 

p < .05) techniques, indicating a degree of alignment in how this trait is assessed. 

Nonetheless, in the current study, the overall correlation across traits was stronger and more 

significant than any individual trait-level correlation. The overall correlation, unexpected 

correlations and potential differences in scoring methods are explored further in the 

subsequent section. 

5.1.1.1 Factors Influencing Across Traits Correlation 

The correlation findings, presented in Table 6 and summarised in Table 7, highlight 

the distinction between evaluating specific traits and examining overall patterns. The overall 

across-trait correlation is higher and more significant than the correlations observed for 
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individual traits. This discrepancy may arise from several factors, including the aggregation 

effect and the influence of additional data points on the correlation coefficient. 

5.1.1.1.1 The aggregation effect and macro-level bias. Clark and Avery (1976) noted that 

aggregated data primarily focuses on macro-level correlations. This approach can inflate 

coefficients compared to those calculated at the micro or trait level. However, this inflation 

may obscure the variability and nuances found in individual trait assessments. Therefore, 

caution is needed when interpreting macro-level findings, as they may not fully capture the 

complexities of micro-level relationships, which can lead to bias by inflating coefficients 

when compared to those at the micro or trait level.  

5.1.1.1.2 Aggregation reducing errors and amplifying correlations. Personality research, 

dating back more than 40 years, has shown that aggregating correlations across traits, raters, 

and items reduces errors, leading to higher overall correlations (Cheek, 1982). Combining 

traits, such as the HEXACO, mitigates measurement error and reduces noise, yielding 

stronger correlations (Ostroff, 1993). This study’s aggregated ratings likely reduced 

measurement error and amplified shared variance across traits, resulting in a higher overall 

correlation. This finding suggests that while individual traits may highlight nuanced 

differences between human and AI evaluations, aggregated ratings reflect greater 

convergence in overall evaluative patterns. 

5.1.1.1.3 Influence of sample size and data points. Research has also demonstrated that 

correlation coefficients are influenced by the number of data points and larger sample sizes 

(Schönbrodt & Perugini, 2013). This study used fewer data points at the trait level, whereas 

the macro-level or overall correlations included more data points. This difference likely 

contributed to the observed higher correlation for overall ratings. 

5.1.1.1.4 The broader evaluative tendencies of AI. The results also agree that AI algorithms 

are more effective at capturing broad evaluative tendencies than trait-specific nuances. This is 

evidenced by the lower variance and standard deviation observed in AI ratings compared to 

human ratings (Table 3 and 9). Thus, the stronger correlation in aggregated ratings likely 

reflects agreement between human and AI evaluators on overarching patterns. 

Therefore, aggregation of ratings, when the overall correlation across all HEXACO 

traits was considered, likely enhanced convergence by reducing random noise and context-

specific variability, consistent with prior research (Cheek, 1982; Schönbrodt & Perugini, 

2013).  
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5.1.1.2 Unexpected Correlations 

Several notable correlations emerged between AI and human ratings across different 

traits, suggesting some overlap in their assessment methods, as identified in Chapter 4. AI-

rated Honesty-Humility correlated with human-rated Extraversion, Agreeableness, and 

Openness to Experience. Other significant relationships included AI-rated Extraversion with 

human-rated Conscientiousness, AI-rated Agreeableness with human-rated Extraversion, and 

AI-rated Conscientiousness with both human-rated Honesty-Humility and Agreeableness. 

To some extent, these findings align with prior research on HEXACO trait 

intercorrelations. Ashton and Lee (2009) found positive correlations between Honesty-

Humility and Agreeableness (r = .25 to .26) as well as between Extraversion and Openness to 

Experience (r = .26), consistent with broader personality research, including Big Five studies. 

While their study focused on trait relationships rather than cross-method correlation, the 

parallels may suggest potential underlying similarities in how personality dimensions 

manifest. However, research on AI-human scoring correlations remains limited, particularly 

for unexpected trait pairings. Future studies could explore why and how AI and human raters 

converge on specific traits. 

5.1.1.3 Differences in Evaluation Methods 

Differences were observed between human and AI evaluations of the HEXACO traits. 

Human raters exhibited greater variability, reflecting their sensitivity to contextual and 

interpersonal nuances. In contrast, AI ratings were more uniform but likely constrained by the 

predefined algorithm and closed dictionary approach. Furthermore, systematic differences 

between evaluation methods were noted, as confirmed by the trait-specific correlations in the 

main analysis, as well as the MANOVA and ANOVA results. Subsequent sections will 

elaborate on the variability, consistency, correlations of ratings, and trends observed in this 

study's evaluator methods. 

5.1.2 Human and AI Scoring Differences 

Significant differences in rating patterns emerged between human and AI evaluations. 

In addition to high interrater reliability, humans demonstrated more variability in their scores 

than AI, as reflected in the standard deviations around the mean in Table 3. Human raters' 

higher variability suggested their ability to interpret nuanced behaviours and non-verbal cues, 

while the consistency of AI stemmed from its reliance on predefined dictionaries and 

algorithms. Although this may lead to consistency in the AI evaluation method, which may 

aid replicability, it may overlook critical context-dependent elements required for a more 
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accurate yet refined personality assessment. The potential explanations or reasons for the 

high consistency and lower variability observed in AI evaluations are summarised below. 

5.1.2.1 Closed-Dictionary vs. Open-Vocabulary Approaches.  

The closed-dictionary AI method used in the study relies on a predefined set of words, 

limiting its ability to capture a broader range of linguistic nuances, as described in Chapters 1 

and 2. This restricted vocabulary reduces the range of scores and predictive power, resulting 

in a more uniform set of ratings. In contrast, open-vocabulary AI models, which are more 

flexible, tend to generate a broader range of scores by capturing a wider array of linguistic 

features, providing a more nuanced understanding of personality (Eichstaedt et al., 2021). 

Therefore, although closed-dictionary methods are less flexible, they tend to generate 

consistent and reliable results when supported by a sufficiently large dictionary, although at 

the cost of missing subtleties in the language (Eichstaedt et al., 2021; Holtrop et al., 2022). 

5.1.2.2 Influence of Text Length on Rating Variability 

Another factor influencing the ratings’ variance is the length of the text obtained from 

the AVIs. More extended text responses provide more opportunities for the algorithm to 

identify relevant linguistic connections with the HEXACO traits, which is particularly 

important when using closed-dictionary approaches, as these perform better with longer text 

(Holtrop et al., 2022). Thus, the algorithm's consistency depends on the amount of text 

provided. More extensive text data allows for more meaningful personality insights. 

5.1.2.3 Improving Algorithm Variability  

Expanding the dictionary and increasing the length of text responses would be 

beneficial to enhance the variability and reliability of the algorithm's predictions. While the 

AI dictionary used in this study contained 3,337 words, dictionaries with more extensive 

vocabularies, such as those containing 3,500 or more words, are recommended to improve the 

reliability of closed-dictionary measures (Holtrop et al., 2022). Open-dictionary machine 

learning approaches, trained on larger datasets, produce more varied and accurate results than 

closed-dictionary methods (Eichstaedt et al., 2021; Hickman et al., 2024). 

5.1.2.4 Comparison of Human and Algorithmic Approaches 

While machine learning (ML) approaches can detect personality indicators that 

humans may overlook, the closed-dictionary approach used in this study limits the 

algorithm's ability to gather a comprehensive range of information. On the other hand, human 

evaluators were provided with video data and transcripts, unlike the algorithm, which was 

limited to text-based information. Although text-based evaluations were the intended method 

for personality assessment, human evaluators had the advantage of considering a broader 
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range of data, including visual and non-verbal cues, when making their evaluations, which 

may have enabled them to capture a broader set of personality signals or cues. This flexibility 

may explain the more significant variation observed in human ratings, as human evaluators 

can consider a broader range of factors or cues in their assessments (Hickman et al., 2022; 

Hickman et al., 2024; Stachl et al., 2020).  

5.1.2.5 Method Effects in Human and AI Personality Scoring 

The observed discrepancies between human and AI HEXACO scores may also reflect 

a predictor method factor related to differences in scoring rather than true variations in 

personality traits. As explored in Chapter 2, Arthur and Villado (2008) emphasise the need to 

distinguish between construct-related and method-related variance in personnel selection, 

highlighting that differences in assessment methods can influence results. Similarly, Lievens 

and Sackett (2017) describe that predictor method factors play a role in selection outcomes, 

supporting the notion that the scoring method itself can have an impact on personality ratings. 

In line with the Realistic Accuracy Model (RAM), human raters may have been more 

cue-sensitive than the algorithm. By incorporating visual, verbal, and textual cues in their 

evaluations, human raters can achieve greater attentiveness to the subtle expression of 

personality traits in cue detection and utilisation (De Kock et al., 2020; Funder, 1995). As 

indicated by the MANOVA/ANOVA results, systematic differences exist in how HEXACO 

traits were measured by the two rating methods. AI ratings tend to be more compressed, 

whereas human evaluations show greater variability across traits. These findings align with 

expectations, as AI evaluations relied solely on text-based analysis, whereas human raters had 

access to broader contextual cues. 

However, these findings may demonstrate the possible complementary strengths of 

human raters and closed-dictionary algorithms in personality assessment. While the algorithm 

may offer predictive consistency, human evaluators may bring nuanced interpretive abilities 

that enhance the depth and variability of personality judgements (Cummings et al., 2020; 

Holtrop et al., 2022). The reliability of human ratings is discussed in the next section. 

5.1.3 Rater Training and Interrater Reliability 

The interrater reliability statistics (ICC) obtained in the current study closely align 

with those reported by Koutsoumpis et al. (2024) and demonstrate higher agreement for 

conscientiousness. Their study, which analysed only extraversion and conscientiousness, 

reported an ICC of .91 for extraversion and .77 for conscientiousness. In comparison, the 

current study achieved an ICC of .90 for extraversion and .90 for conscientiousness, 

indicating more substantial alignment among raters for the latter trait. This high reliability is 
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likely due to the comprehensive training and orientation process implemented in the present 

study, which followed and adapted the approach of Koutsoumpis et al. (2024), as described in 

Chapters 2 and 3. The training also incorporated principles from FORT, Lens Model Theory, 

and the Realistic Accuracy Model (RAM) to enhance raters’ calibration and evaluation 

consistency. The full table of ICC values is presented in Table 8, with values ranging from 

.66 to .90 across the measured traits. 

5.2 Theoretical and Methodological Considerations 

The findings from this study contribute to the ongoing exploration of AI-driven 

personality assessment by highlighting its limitations and potential when compared to human 

evaluations. While basic AI-based approaches, such as closed-dictionary keyword counting 

techniques, offer consistency and scalability, they still face challenges in capturing complex 

personality traits as effectively as humans. This section examines key theoretical 

considerations, including the constraints of closed-dictionary methods and the benefits of 

combining AI with human evaluation to develop a more comprehensive assessment 

methodology. 

5.2.1 Limitations of Closed-Dictionary Approaches 

Compared to human ratings, the findings from the study demonstrate the inherent 

constraints of closed-dictionary or vocabulary algorithms, which rely on fixed vocabularies, 

keywords, and predefined rules. While these tools may provide consistent evaluations, they 

often fail to capture the richness of personality expressions, particularly for traits that require 

the interpretation of subtle cues (Holtrop et al., 2022). However, the consistency of this 

method may make it suitable as a screening tool or for rank-ordering candidates, after which 

humans can be involved to provide more nuanced and perceptive evaluations. Considering 

the lower variance associated with this AI approach, slight variations in personality scores 

from the mean should be interpreted as more significant than they would be with human 

evaluations. Thus, slight variations in the scores produced by the algorithm may indicate 

more substantial differences in the specific trait than the raw AI score might initially suggest.  

5.2.2 Complementary Assessment Methods 

The study highlights the potential of hybrid approaches that combine the consistency 

of AI with human evaluators’ contextual sensitivity. As applied in this study, AI may offer 

significant value in screening and ranking candidates in selection contexts. This aligns with 

the findings of Goretzko and Israel (2022), who suggest that computers excel in screening 

processes by integrating data and filtering large candidate pools. Human evaluation and self-

reports, individually or in combination, can provide deeper and richer insights into 
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personality, as explored later in this chapter. These methods could help mitigate individual 

limitations, leading to more balanced and nuanced personality assessments. Figure 8 

illustrates a simplified process for integrating AI to complement humans in recruitment and 

selection. 

5.2.3 Use of AVIs and General vs. Trait-Specific Questions 

Asynchronous Video Interviews (AVIs) provide a multidimensional platform for 

personality assessment by combining both textual and visual data. Studies such as Hickman 

et al. (2022) and Koutsoumpis et al. (2024) have advanced the field by incorporating verbal, 

non-verbal, and paraverbal information alongside larger datasets, expanding beyond the text-

based approach of the current study. However, validity challenges remain in effectively 

incorporating non-verbal and paraverbal cues in text-based personality evaluations. As a 

result, AVI providers in practice have shifted to relying solely on transcripts of AVIs instead 

of incorporating audio or visual features (Koutsoumpis et al., 2024). 

This study focused on AVI questions and responses that were not designed to target 

specific traits, allowing for an exploration of whether non-trait-activating or general interview 

questions could yield meaningful personality evaluations. This contrasts with the approaches 

of Koutsoumpis et al. (2024) and Holtrop et al. (2022), who highlight the benefits of using 

trait-specific questions. Additionally, this approach deviates from studies (Hickman et al., 

2022; Holtrop et al., 2022; Koutsoumpis et al., 2024; Manteli & Galanakis, 2022), which 

argue that trait-specific or activating questions strengthen the expression of personality traits. 

Nonetheless, the study achieved significant correlations and reliability evidence using this 

approach with more general interview questions, providing some optimism for utilising 

general interview or competency-based questions in the future, as explored by Liff et al. 

(2024). With further research, these questions could support effective personality evaluations, 

which may further enhance the effectiveness and efficiency of personnel selection 

assessments via AVIs.  

5.2.3.1 Automated Transcription 

This study addressed an AVI limitation: automated AVI transcription. Overcoming 

the limitation highlighted by Holtrop et al. (2022) regarding the challenges of manual 

transcription, this study adopted automated transcription using Microsoft Office. As 

mentioned by Holtrop et al., (2022), practically, organisations are unlikely to favour manual 

transcription due to its costliness and inefficiency, which can compromise data quality and 

reduce the validity of findings. By using automatic transcription, this study saved 
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considerable time and potentially enhanced the data’s reliability, contributing to the observed 

correlations.  

5.3 Practical Implications 

The study highlights the strengths of AI algorithms and the need for further 

advancements to enhance accuracy and contextual relevance in personality evaluation. While 

text-based analysis from AVIs currently represents the gold standard in practice (Hickman et 

al., 2022; Holtrop et al., 2022; Koutsoumpis et al., 2024), the closed-dictionary keyword-

counting technique may pose constraints regarding variability and the scope of analysis. On 

the other hand, open-vocabulary techniques and machine learning approaches could 

significantly enhance the ability of AI scoring to assess personality traits more 

comprehensively and accurately while maintaining consistency (Eichstaedt et al., 2021; 

Hickman et al., 2024; Holtrop et al., 2022). 

For organisational applications, combining AI evaluations with human supervision 

and insights, alongside other self-report measures, could improve fairness and depth in 

recruitment and selection processes for personality evaluations. AI offers consistency and 

scalability, while human evaluators contribute nuanced understanding, ensuring a balanced 

and comprehensive assessment approach (Fan et al., 2023; Holtrop et al., 2022; Koutsoumpis 

et al., 2024; Stevenor et al., 2024).  

The adoption of AI in selection and recruitment is also shaped by broader 

organisational and theoretical considerations. Given that organisations seek AI primarily for 

its time-saving benefits (Campion & Campion, 2023; Oostrom et al., 2024), it is noteworthy 

that in this study, human evaluators took at least five to 30 minutes or even longer to rate a 

single participant, depending on the response length. In contrast, the algorithm completed the 

task almost instantly, scoring 805 responses (161 participants, five responses each) in 

approximately 10 seconds. While this may demonstrate the potential time-saving benefits of 

using AI, organisations and recruiters may integrate AI-driven personality assessment tools 

based on factors outlined in the Technology Acceptance Model (TAM) and institutional 

theory (König et al., 2010; Oostrom et al., 2013). Their willingness to use AI may depend on 

perceived usefulness and ease of use, aligning with TAM, while institutional theory 

highlights the role of perceived applicant acceptance, cost considerations, and industry norms 

in shaping selection procedures. These factors suggest that the role of AI in personnel 

selection may become clearer and continue to expand as its acceptance grows and as its 

perceived benefits outweigh concerns about reliability, accuracy and fairness.  
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This study serves as an example of how to assess the scoring validity of AI-based 

evaluations, as recommended in the Society for Industrial and Organisational Psychology’s 

(SIOP) "Considerations and Recommendations for the Validation and Use of AI-Based 

Assessments for Employee Selection" (Nye et al., 2023). By comparing human and AI 

scoring of HEXACO traits in AVIs, this research may contribute to the validation process of 

AI in personnel selection. 

5.4 Limitations of the Study 

A number of limitations should be acknowledged in this study. Firstly, the study 

included the use of a closed-dictionary AI approach, which likely constrained the analysis of 

nuanced personality expressions. Potential biases or limitations within the dataset, such as a 

restricted dictionary of words, may also have influenced the results (Holtrop et al., 2022).  

Additionally, the study's reliance on non-trait-specific asynchronous video interviews 

(AVIs) questions, a relatively small sample size, and a USA-only sample may limit the 

generalisability of the findings. Since the AVIs were not explicitly designed to elicit 

HEXACO traits, participants’ responses may not fully reflect the breadth or complexity of 

these dimensions, potentially leading to less precise personality assessments. The small and 

geographically limited sample further reduces the diversity and representativeness of the data, 

making it harder to identify patterns that apply to broader or international populations 

(Bourdage et al., 2021; Cheon et al., 2020; Hickman et al., 2022; Holtrop et al., 2022; 

Koutsoumpis et al., 2024). These limitations highlight a possible need for future research 

employing trait-specific prompts and larger, more diverse samples to improve the robustness 

and applicability of the findings.  

Furthermore, while human raters relied on verbal and non-verbal cues, AI depended 

solely on textual input, which may have impacted the correlations and variance observed in 

AI ratings. Future research could address this by using a broader AI model incorporating 

open-vocabulary techniques and machine-learning capabilities to evaluate a wider range of 

cues, increasing alignment with human scores and providing greater variance in ratings. 

Finally, studies conducted in controlled laboratory settings, such as mock interviews 

with participants who are not job seekers (e.g., Prolific samples), may lack fidelity and 

realism, as the interview performance does not impact any job outcomes (Highhouse, 2009). 

To address this limitation in the current study, human raters were trained, and all held 

Bachelor’s degrees in Organisational Psychology, with all pursuing or having attained 

postgraduate studies. Additionally, both interviewees and raters were compensated, and their 

responses were checked for quality to ensure reliability. 
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5.5 Future Research Directions 

In addition to the study’s key findings, future research can explore several alternative 

aspects that could further enrich the understanding and application of AI and human 

evaluations in personality assessment, as provided below. 

5.5.1 Demographics of Raters 

Firstly, it could be valuable to examine the demographics of the raters, as these may 

influence how personality traits are assessed (De Kock et al., 2020; Yun et al., 2005). This 

includes considering factors such as personality, age, cultural background, education, and 

experience, as well as the impact of personality evaluation from AVIs. While the current 

study aimed to involve postgraduate students in organisational psychology, mainly Honours 

degree students and those with master's and doctorate level (PhD) degrees, further research 

exploring a more diverse sample could be valuable. 

5.5.2 Sample Diversity and Cross-Cultural Research 

The study relied on a USA-based interviewee sample, which may not fully represent 

the South African or broader global diversity. Future research should consider expanding the 

sample to include participants and raters from different regions and cultural contexts. This 

may allow researchers to assess whether biases or variations emerge based on demographic 

factors. A larger and more representative sample could increase the robustness and 

generalisability of the findings, which may ensure broader applicability. 

Cross-cultural research is another potentially important area to explore. Raters' 

cultural values, beliefs, norms, and ethnic affiliations could influence the ratings in selection 

contexts (Bourdage et al., 2021; De Kock et al., 2020). Understanding how raters from 

different cultures interpret and evaluate personality traits could provide valuable insights into 

the universality or cultural specificity of certain traits, aligning with the realistic accuracy 

model (RAM) and the concepts of cue detection and ‘good information’ (Letzring et al., 

2006). Refining AI algorithms to account for these cultural differences could also enhance 

their accuracy and applicability in diverse settings. 

5.5.3 Enhancing Interviewee Responses 

Future studies could consider encouraging interviewees to provide longer, more 

detailed responses when responding to the AVI questions. The brief nature of many responses 

in the current study may limit the depth of the evaluations, potentially missing nuanced 

aspects of personality. Longer, more thoughtful responses can provide richer data for 

analysis, allowing for a more precise and comprehensive evaluation of personality traits. This 
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approach could also contribute to more thoroughly comparing between human and AI-

generated evaluations. 

5.5.4 Advancements in AI Assessment Tools 

The study successfully replicated human AVI scoring with algorithmic scoring at a 

rudimentary level. However, moving forward in research and practice, a multimodal AI 

approach, which assesses not only text but also verbal, non-verbal and related cues, appears 

to be the most promising for enabling the AI assessment method to analyse more complex 

personality descriptions more effectively and accurately (Hickman et al., 2022; Holtrop et al., 

2022; Koutsoumpis et al., 2024).  

Additionally, as highlighted by Holtrop et al. (2022), automatic personality evaluation 

from AVIs (AVI-PA) should not replace traditional personality assessment methods but 

should instead serve as a supplementary approach. For now, hybrid methodologies 

integrating AI with human evaluators represent a promising future research avenue. While AI 

can process large volumes of data quickly and consistently, human evaluators contribute 

intuition and contextual understanding. Combining these approaches and self-reports could 

likely enhance the accuracy and effectiveness of personality assessment tools. Based on the 

current study’s results, Figure 8 explain the recommended assessment tools for each selection 

step. 

5.5.5 Triangulation of Assessments 

Although it was beyond the scope of this study, it is worth noting that future analyses 

could incorporate self-report ratings as a potential ‘true score’ source to triangulate human 

(observer ratings) and AI assessments in alignment with the realistic accuracy model. The 

current methods analysed only the correlation between the two approaches, AI and human 

evaluators, and not necessarily their accuracy, nor can we determine which one is the most 

'correct'. However, by including self-report ratings, individuals' self-perceptions can be 

captured, revealing insights into their behaviours and traits that human observers or AI might 

overlook, thus enriching the accuracy and depth of the overall personality assessment. 

Therefore, this approach of multiple correlation could enhance validity by comparing 

multiple perspectives and emphasises accuracy in personality judgements (Connolly et al., 

2007; De Kock et al., 2020; Powell, 2008; Powell & Bourdage, 2016). 
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Figure 8 

Schematic Depiction of AI's Role and Position in the AVI Recruitment and Selection Process 

Recruitment / Selection Step Assessment Method / Decision Maker 
 

AVIs Conducted 

 

 

 

 

Bulk Initial Screening of AVIs 

 

 

AI Evaluation 

 

Shortlisted Evaluation 

 

 

AI and Human Evaluators 

 

Comprehensive Assessment 

 

 

Human and Self-Report Measures 

 

Final Decision 
 

Human 

Note. The schematic representation is based on insights from the current study and significant 

sources (see Alexander III et al., 2025; Cascio & Aguinis, 2024; Fan et al., 2023; Hickman et 

al., 2022; Holtrop et al., 2022; Koutsoumpis et al., 2024). 

Note. Solid arrows indicate the steps in the selection process, whereas the dotted arrow 

represents each step's applicable assessment method or decision-maker. 

5.6 South African Relevance and Legislation 

For AI evaluations to comply with the assessment-related legislation in South Africa, 

such as the Health Professions Act, the Employment Equity Act, and the Protection of 

Personal Information Act (Coetzee et al., 2021; Foxcroft & Roodt, 2013; HPCSA, 2008), 

further studies would need to be conducted, particularly focusing on score triangulation 

between human raters, AI evaluations, and self-report measures. This may allow for a more 

comprehensive assessment of AI-generated personality evaluations' accuracy, validity, and 

reliability. While the present study demonstrated correlations between AI and human ratings, 

indicating construct or convergent (mono-trait) validity (Foxcroft & Roodt, 2013; Plouffe et 

al., 2017), and consistency in scoring, reflecting reliability, additional research is necessary to 

meet legislative requirements. Given that South African regulations mandate that 

psychological assessments be valid, reliable, and fairly applied (Employment Equity Act, 

1998, Chapter 2, Section 8, p. 15), future studies should further examine AI-based scoring 

methods to ensure compliance with these legal and ethical standards. 
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Chapter 6: Conclusion 

This study contributes to understanding the complex interplay between human and AI 

evaluations of HEXACO personality traits, particularly in the context of asynchronous video 

interviews (AVIs) and personnel selection. By integrating the findings with existing 

literature, the study comprehensively analysed both the convergences and divergences 

between human and AI assessments. It also addressed the theoretical and practical 

implications of using AI closed-dictionary evaluation approaches in personality psychology, 

building on prior research (e.g., Hickman et al., 2022; Holtrop et al., 2022; Koutsoumpis et 

al., 2024). 

The results of this study were mixed as they revealed correlation, convergence and 

differences in how human and AI evaluators assessed personality traits. Moderate and 

significantly positive overall convergence across traits was observed. Small to moderate, 

significant, positive trait-based convergence was also found for Honesty-Humility and 

Conscientiousness. However, weaker and non-significant alignment was observed for the 

other traits. These findings reflect both the strengths and limitations of each scoring method. 

Human evaluators demonstrated greater sensitivity to nuanced, context-dependent 

behaviours, reflected in their ratings’ variability. In contrast, AI ratings, driven by a 

predefined algorithm and a closed vocabulary, showed greater consistency, which could aid 

in ensuring reliability and replicability. However, AI scoring was constrained by an inability 

to interpret complex, subtle cues beyond the programmed algorithm. Since these subtle 

variations often contribute to accurate personality assessments, the closed-dictionary keyword 

counting approach may fail to capture the depth and richness of certain traits, particularly 

those less easily expressed through predefined vocabulary (Holtrop et al., 2022). 

Nevertheless, AI evaluations can provide valuable insights, especially in contexts requiring 

large-scale data processing, but they may lack the interpretative flexibility that human 

evaluators bring, as observed in the current study. The findings of this study, alongside those 

of Hickman et al. (2022), Holtrop et al. (2022) and Koutsoumpis et al. (2024), suggest that AI 

algorithms would benefit from advancements, particularly in the area of open-vocabulary 

models and machine learning techniques. Such improvements appear to enhance the capacity 

of AI to interpret a broader range of linguistic and even non-verbal cues, making it a more 

flexible and context-sensitive evaluator. As AI continues to evolve, its integration with 

human evaluators could bridge the gap between consistency and contextual understanding, 

enabling more accurate and efficient personality assessments. 
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The differences observed between human and AI evaluations suggest that by 

combining the strengths of both methods, a hybrid approach could offer a more 

comprehensive and accurate personality assessment. AI can be a valuable tool for ranking 

candidates in large-scale selection processes, providing consistency and efficiency 

(Alexander III et al., 2025; Campion & Campion, 2023; Hunkenschroer & Luetge, 2022). 

However, human evaluations appear more suited for capturing the subtleties of interpersonal 

dynamics and non-verbal cues, ensuring a more holistic understanding of personality, if a 

closed-vocabulary approach is chosen as the AI counterpart (Holtrop et al., 2022; 

Koutsoumpis et al., 2024). This complementary approach may enhance the validity and 

fairness of personality assessments, particularly in high-stakes contexts such as recruitment. 

The study’s findings also open avenues for future research in several areas. First, 

significant and positive correlations were observed between AI and human ratings across 

different traits, beyond the six specific HEXACO traits expected to correlate, suggesting 

some overlap in how the evaluators see or assess these traits. Secondly, the demographic 

characteristics of both raters and participants warrant further exploration, as these factors 

could influence personality assessments (Bourdage et al., 2021; De Kock et al., 2020). 

Expanding the sample of participants and raters to include more diverse cultural, educational, 

and professional backgrounds could help address potential biases and improve the 

generalisability of the findings. Further investigation into non-trait-specific AVIs could 

provide valuable insights into how different interview questions influence personality 

expression and evaluator ratings while offering relevant data points for personality 

assessment. This approach could also streamline selection processes by integrating 

competency-related factors and personality insights into a single measurement intervention 

(see Liff et al., 2024). Finally, machine learning models that combine advanced AI 

techniques, insights from human evaluations, and other assessment tools, such as self-reports, 

could represent a promising direction for future research. By integrating multiple data 

sources, these models could offer a more accurate and nuanced understanding of personality 

(Booth et al., 2021; Campion & Campion, 2023; Koutsoumpis et al., 2024). 

In conclusion, the findings of this study demonstrate the importance of refining both 

traditional and technology-driven assessment methods. This research highlights the value of 

leveraging human insight and AI capabilities to advance personality evaluation. By 

integrating the strengths of both approaches, future studies can develop more innovative, 

reliable, and comprehensive methods for understanding and measuring personality traits in 

diverse settings and applying these methods effectively across various organisations. 
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Annexure A 

Predictor Method Factors in Modular Framework (Lievens & Sackett, 2017) 

Table A1 

Modular Framework. 

Predictor Method Factor Description 

Stimulus Format  Stimulus format refers to the modality used to present test 

stimuli, such as text, pictures, audio, and video. Some formats, 

like audiovisual presentations, tend to reduce cognitive load 

and subgroup differences compared to text alone. 

Contextualisation The extent the stimuli are embedded in realistic contexts. More 

contextualised stimuli tend to have higher validity than 

decontextualised stimuli like traditional personality tests. 

Stimulus Presentation 

Consistency 

The standardisation in how stimuli are presented. Higher 

consistency such as structured interviews reduces measurement 

error and increases validity. 

Response Format Response format refers to the modality that test-takers use to 

respond, such as multiple choice, written responses, audio or 

video response. Constructed response formats tend to reduce 

cognitive load and subgroup differences compared to multiple 

choice. 

Response Evaluation 

Consistency 

This refers to the standardisation in how responses are scored. 

Higher consistency through rubrics, training, or automated 

scoring increases reliability and validity. 

Information Source Combining assessment sources, such as self-reports and 

behavioural observations, tends to increase validity. 

Instructions Instructions refer to how explicit the directions are about the 

perspective candidates should take. Overly specific instructions 

can reduce validity by making the situation too strong. 

Note. Modular framework obtained and summarised from Lievens and Sackett (2017). 
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Annexure B 

AI Scoring Process 

As depicted in Figure B1, the spoken words of the AVI participant are transcribed 

using MS Office 365. The algorithm then searches for matching words based on the loadings 

for each HEXACO trait in the HEXACO dictionary, tallying the final matches per trait to 

provide a score. The converted score can be compared to scale descriptors in Table B3, for a 

possible interpretation of the individual's personality according to the HEXACO model. 

Figure B1 

Target 1. Question 5: How do you manage your time and prioritise tasks? 

 

 

 

 

 

Step 1: Transcribed Answer 

The spoken words in the video of the AVI participant are transcribed using MS Office 

365, as shown in the example from an actual participant used for training purposes below. 

 

“ In the past I have tended to do the easy tasks first thing in the morning. Just to get 

them marked off the To Do List and make myself feel like I was making progress toward my 

task list. However, I've recently taken some online courses on time management and 

productivity and learn that most people are more productive in the morning. I certainly am… 

And… So, to instead attack the more difficult tasks, the tasks that may take input from other 

people so that I would need to make phone calls or contact people via text or e-mail for their 

input, get that ball rolling first thing in the morning so that I can successfully finish that test 

throughout the day and then perhaps later in the afternoon. During… Maybe less 

productive… Maybe a little bit sleepier time in the late afternoon, I can do less brain taxing 

tasks, such as responding to emails, organising lists and so forth. “ 

 

Step 2: Algorithm and Dictionary Matching 

The algorithm analyses transcribed text by identifying words that correspond to 

HEXACO trait loadings in the HEXACO dictionary, as per Table B1, ultimately calculating a 

score based on the total matches per trait. 

 

Spoken 

Response 
1.  2. 3. 4. 
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Table B1 

HEXACO Dictionary and Algorithm Word Matching 

 H E X A C O 

easy 0,104 -0,224 0,162 0,319 -0,123 -0,283 

productive 0,121 -0,029 -0,024 -0,079 0,270 -0,005 

difficult -0,328 0,310 -0,205 -0,342 -0,010 0,273 

organise 0,113 0,042 -0,008 0,017 0,396 -0,246 

learn 0,068 -0,110 0,068 0,005 0,174 0,183 

       

Total 0,078 -0,011 -0,007 -0,079 0,707 -0,078 

Conversion 3,156 2,978 2,986 2,842 4,414 2,844 

       

 

Step 3: Conversion 

The raw score from the algorithm is converted to align with the human rating scale as per 

the formula below: 

 

Converted Score = ((Raw Score + 1 ) x 2 ) + 1   

 

Table B2 

AI Score Conversion 

 H E X A C O 

Total 0,078 -0,011 -0,007 -0,079 0,707 -0,078 

Conversion 3,156 2,978 2,986 2,842 4,414 2,844 

 

Step 4: Interpretation 
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Table B3 

HEXACO Descriptors 

Rating H E X A C O 
1: Very 
Low 

Very high self-
importance; strongly 
materialistic; willing 
to break rules for 
gain. 

Very unemotional; 
detached; fearless. 

Very reserved; 
socially indifferent; 
awkward in the 
spotlight. 

Very resentful; holds 
grudges; highly 
critical and stubborn. 

Very disorganised; 
avoids challenges; 
impulsive. 

Uninterested in 
art and sciences; 
avoids creativity. 

2: Low High self-
importance; often 
materialistic; may 
manipulate for 
success. 

Unemotional; 
detached; low 
anxiety. 

Reserved; somewhat 
indifferent to 
socialising. 

Often resentful; 
critical; somewhat 
stubborn. 

Often disorganised; 
avoids hard tasks; 
somewhat 
impulsive. 

Limited interest 
in art/science; 
avoids creativity. 

3: 
Average 

Average self-
importance; rarely 
breaks rules; little 
interest in luxury. 

Moderate 
emotions; some 
anxiety under 
stress. 

Balanced; neither 
overly social nor 
reserved. 

Moderate patience 
and forgiveness; 
balanced in 
criticism. 

Moderately 
organised; 
balanced impulse 
control. 

Moderate 
interest; balanced 
approach to 
creativity. 

4: High Avoids 
manipulation; little 
temptation to break 
rules or seek luxury. 

Fearful of danger; 
seeks support; feels 
anxiety. 

Confident; enjoys 
social interactions; 
positive energy. 

Cooperative; 
forgiving; controls 
temper well. 

Organised; 
disciplined; strives 
for accuracy. 

Enjoys art and 
nature; curious; 
imaginative. 

5: Very 
High 

Rejects 
manipulation; 
uninterested in 
luxury or social 
status. 

Very fearful; high 
need for support 
and empathy. 

Very confident; 
loves socialising; 
high enthusiasm. 

Very cooperative 
and forgiving; 
extremely patient. 

Very organised; 
highly disciplined; 
perfectionistic. 

Deeply absorbed 
in art and 
science; highly 
curious and 
imaginative. 

Note. Obtained and Adapted from Koutsoumpis et al. (2024) 
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Annexure C 

Recruitment Invitation for Human Evaluators 
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Annexure D 

Letter of Informed Consent for Research Participants (Human Evaluators) 

Dear Student Participant. 

Research Study Overview 

The Department of Organisational Psychology at UCT is conducting a research study as part 

of the requirements for the Master’s degree programme. The study aims to explore the 

convergence between human evaluators and an Artificial Intelligence (AI) text-to-personality 

algorithm in assessing personality from Asynchronous Video Interviews (AVIs). This 

research has received ethical approval (COM/00889/2024) from both the Faculty of 

Commerce Ethics in Research Committee and the Department of Student Affairs. 

Participation Details 

Your participation in this study is voluntary. After completing the training, you will score and 

evaluate personality traits based on the HEXACO model using provided interview responses. 

Your anonymised evaluations/ratings will be used in this study. If you choose to participate, 

rest assured that your ratings and responses will be treated with confidentiality and 

anonymity. The findings will be used solely for academic purposes within UCT. 

Incentive and Quality Assurance 

Upon completion of the study, you will be eligible for a cash incentive of R149 (Honours’ 

students) or R179 (Master's students) per hour of participation. Please note that the incentive 

will be provided at the end of the year or study, not immediately after participation, and only 

if the quality standards of the evaluations are met. Quality assurance will be conducted. 

Voluntary Participation and Withdrawal 

You are free to withdraw from the study at any point without facing any negative 

consequences. However, withdrawing early will mean that you will not receive the incentive. 

Your participation poses no harm to yourself or others. 

Time Commitment 

The training will last approximately 120 minutes. Your total participation in the study is 

estimated to be a maximum of 5 hours, including training time. However, this may vary 

depending on the final number of evaluators. 

Contact Information 

Please do not hesitate to contact the researcher for further clarification: Jaco Cronje 

(crnjac009@myuct.ac.za) or the research supervisor: Francois De Kock. 
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Annexure E 

Preparatory Training of Human Evaluators 
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Annexure F 

Training Material: Human Evaluators 
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Annexure G 

Ethical Clearance 
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Annexure H 

DSA100 Approval 
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Annexure I 

AsPredicted Registration  

 



 149 

Annexure J 

SPPS Additional Outputs Supporting Chapter 4 

Table J1 

Full Variable Descriptive Statistics 

Variable N Mean Std. 

Deviation 

Missing 

Count 

Percent 

Missing 

Low 

Extremes 

High 

Extremes 

H_Human 161 3.74 .58 0 .00 0 0 

E_Human 161 2.95 .52 0 .00 0 0 

X_Human 161 3.45 .46 0 .00 4 3 

A_Human 161 3.65 .49 0 .00 0 0 

C_Human 161 3.94 .55 0 .00 1 0 

O_Human 161 3.42 .50 0 .00 11 14 

H_AI 161 3.08 .10 0 .00 5 2 

E_ AI 161 3.00 .08 0 .00 2 2 

X_ AI 161 3.07 .07 0 .00 2 1 

A_ AI 161 3.01 .09 0 .00 2 2 

C_ AI 161 3.15 .08 0 .00 3 1 

O_ AI 161 2.96 .04 0 .00 0 2 

a. Number of cases outside the range (Q1 - 1.5*IQR, Q3 + 1.5*IQR). 

 

Table J2 

Extreme Values Data 

Variable Extreme Rank Case Number Value 

H_Human Highest 1 100 5.00 
  

2 17 4.80 
  

3 41 4.80 
  

4 82 4.80 
  

5 26 4.60a 
 

Lowest 1 77 2.20 
  

2 60 2.40 
  

3 115 2.60 
  

4 75 2.60 
  

5 64 2.60b 
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E_Human Highest 1 156 4.40 
  

2 16 4.00 
  

3 19 4.00 
  

4 155 4.00 
  

5 81 3.80c 
 

Lowest 1 83 1.60 
  

2 101 1.80 
  

3 32 1.80 
  

4 37 2.00 
  

5 33 2.00 

X_Human Highest 1 13 4.80 
  

2 100 4.80 
  

3 17 4.60 
  

4 32 4.40 
  

5 33 4.40d 
 

Lowest 1 93 2.00 
  

2 160 2.20 
  

3 154 2.40 
  

4 136 2.40 
  

5 112 2.60b 

A_Human Highest 1 150 4.80 
  

2 105 4.60 
  

3 151 4.60 
  

4 153 4.60 
  

5 26 4.40d 
 

Lowest 1 15 2.20 
  

2 87 2.60 
  

3 35 2.60 
  

4 160 2.80 
  

5 143 2.80e 

C_Human Highest 1 13 5.00 
  

2 100 5.00 
  

3 106 5.00 
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4 145 5.00 

  
5 147 5.00 

 
Lowest 1 69 2.00 

  
2 136 2.40 

  
3 95 2.80 

  
4 127 3.00 

  
5 85 3.00f 

O_Human Highest 1 12 4.60 
  

2 33 4.60 
  

3 100 4.60 
  

4 16 4.40 
  

5 104 4.40d 
 

Lowest 1 84 1.60 
  

2 85 1.80 
  

3 94 2.20 
  

4 86 2.20 
  

5 81 2.20g 

H_AI Highest 1 110 3.45 
  

2 30 3.32 
  

3 138 3.29 
  

4 149 3.27 
  

5 21 3.25 
 

Lowest 1 86 2.69 
  

2 20 2.77 
  

3 115 2.79 
  

4 161 2.83 
  

5 65 2.86 

E_ AI Highest 1 11 3.22 
  

2 108 3.19 
  

3 122 3.19 
  

4 23 3.18 
  

5 69 3.15 
 

Lowest 1 103 2.80 
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2 96 2.81 

  
3 151 2.82 

  
4 56 2.83 

  
5 70 2.83 

X_ AI Highest 1 144 3.30 
  

2 135 3.23 
  

3 132 3.22 
  

4 128 3.22 
  

5 35 3.20 
 

Lowest 1 34 2.86 
  

2 160 2.89 
  

3 62 2.91 
  

4 80 2.92 
  

5 48 2.92 

A_ AI Highest 1 160 3.35 
  

2 110 3.31 
  

3 80 3.21 
  

4 132 3.20 
  

5 29 3.20 
 

Lowest 1 154 2.71 
  

2 86 2.77 
  

3 155 2.82 
  

4 40 2.85 
  

5 61 2.86 

C_ AI Highest 1 137 3.35 
  

2 64 3.35 
  

3 158 3.34 
  

4 91 3.33 
  

5 23 3.30 
 

Lowest 1 107 2.83 
  

2 84 2.85 
  

3 83 2.87 
  

4 76 2.88 
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5 42 2.89 

O_ AI Highest 1 107 3.35 
  

2 109 3.32 
  

3 61 3.27 
  

4 94 3.24 
  

5 119 3.21 
 

Lowest 1 25 2.84 
  

2 59 2.85 
  

3 41 2.86 
  

4 45 2.86 
  

5 105 2.86 

 

Table J3 

Skewness of Variables 

Variable Skewness 

Human 
 

H -.35 

E .04 

X .12 

A -.05 

C -.29 

O -.44 

AI  

H -.48 

E -.02 

X -.02 

A .18 

C -.30 

O .07 
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Figure J1 

Boxplot: Human and AI ratings: Honesty-Humility Trait 

 
Figure J2 

Boxplot: Human and AI ratings: Emotionality Trait 
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Figure J3 

Boxplot: Human and AI ratings: Extraversion Trait 

 
Figure J4 

Boxplot: Human and AI ratings: Agreeableness Trait 
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Figure J5 

Boxplot: Human and AI ratings: Conscientiousness Trait 

 
Figure J6 

Boxplot: Human and AI ratings: Openness to Experience Trait 
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Annexure K 

Managing Outliers and Further Analysis 

In support of Chapters 4 and 5, which present the analyses and discussions, this 

section (Annexure K) provides further elaboration. It is included as an annexure, but remains 

aligned with the main section. Here, outlier management is explored under two alternative 

conditions that manage outliers, additional to the primary analyses, which proceeded with the 

full dataset, including outliers.  

Outliers are data points that significantly differ from the rest of the dataset and can 

have a disproportionate impact on the conclusions drawn about the relationships between 

variables (Aguinis et al., 2013). As these extreme values are potential sources of bias that 

could skew the results (Field, 2018), reasonable steps were taken to identify and address them 

in the dataset. Following the guidance of Field (2018) and Tabachnick and Fidell (2019), 

casewise diagnostics and visual techniques were used alongside three statistical methods. The 

three approaches employed to identify and manage outliers were: range-based detection to 

confirm scoring validity (used in the main analysis), z-score analysis to flag extreme 

deviations, and log transformations to address skewness, as outlined below. 

1.1 Range-Based Outlier Detection 

The first method of outlier detection was a range-based approach, where extreme 

values were examined, as displayed in Table J2. Given that the scoring range is from 1 to 5, it 

was confirmed that no values fell outside this range, as shown in Table J2. Although some 

values were identified as extreme compared to the dataset, no erroneous values exceeded the 

scoring limits. Therefore, while all values remained within the acceptable scoring range, 

some extreme values were identified. Nevertheless, since the data remains within the scoring 

range, it was decided to proceed with a correlation study using the full dataset, as evident in 

the main analysis. In light of the identification of some outliers during the data cleaning 

process, two additional approaches were implemented. The main correlation analysis was 

therefore carried out on the complete dataset. Additionally, in this section, analyses were 

conducted on datasets after applying the z-score method and performing transformations. 

1.2 Z-Score Method 

The second approach involved Z-Score Analysis. Z-scores represent standardised 

residuals in terms of standard deviations (Field, 2018) and were calculated for each variable. 

Using the ±3 threshold, values exceeding this range were flagged as extreme outliers for 

further investigation, in line with the guidelines by Field (2018) and Tabachnick & Fidell 
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(2019). This method allowed for the identification of data points with significant deviations 

from the mean, ensuring that extreme values were addressed appropriately. 

For each HEXACO trait, human and AI evaluations, z-scores were calculated using 

SPSS. Once calculated, a condition was applied in SPSS to identify cases where the absolute 

value of the z-scores exceeded ±3. For example, the condition ABS(ZH_Human) > 3 was 

used to flag participants with extreme outlier values for the Honesty-Humility trait provided 

by the human raters. Only data points within the accepted range of standard deviations were 

retained for further analysis. 

1.3 Transformation for Skewed Data 

The third and additional method addressed skewed data through log and square root 

transformations, as guided by Field (2018). Tests of normality, such as the Shapiro-Wilk and 

Kolmogorov-Smirnov tests, revealed that several variables, both human and AI ratings for the 

HEXACO traits, did not follow a normal distribution (see Table 4). Specifically, the human 

ratings for traits such as H_Human, E_Human, X_Human, A_Human, and O_Human failed 

to meet the assumption of normality, with significant p-values (p < .05) (Field, 2018). While 

some AI-generated ratings, including E_AI, X_AI, C_AI and O_AI, did not significantly 

deviate from normality (p > .05), others, such as A_AI and H_AI, displayed notable 

deviations. 

According to Norris and Aroian (2004) and Tabachnick and Fidell (2019), the criteria 

for problematic skewness warranting transformation vary. However, the degree of skewness 

is considered a good indicator. Moderate skew is indicated by a skewness value of 1 or 1.25 

standard deviations from the normal distribution, while high skew is indicated by values 

above 2.25 (Norris & Aroian, 2004). Significance tests are also often used to guide decisions 

regarding transformation (Norris & Aroian, 2004). Nonetheless, unless there are specific 

reasons to avoid transformation, it is generally recommended to proceed with it (Tabachnick 

& Fidell, 2019). 

Although the skewness values in the data are below 1, as per Table J3, suggesting that 

transformation may not be strictly necessary, square root transformation, and thereafter log 

transformation were applied as supplementary steps to address non-normality in the dataset, 

as guided by Tabachnick and Fidell (2019). Square root transformation is particularly suited 

for addressing mild skewness. While initially the skewness observed was not substantial 

enough to warrant more aggressive transformations, such as log transformation, the square 

root transformation was applied to improve the normality of the data and reduce the influence 
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of extreme values, ensuring the assumptions of normality and homogeneity of variance are 

met (Feng, 2014; Tabachnick & Fidell, 2019). 

Given that the post-square root transformed data still exhibited some skewness and 

kurtosis, as per Table K1, a subsequent log transformation was applied to the original data. 

The log transformation is often recommended as a next step to address remaining skewness. 

By compressing extreme values further, it can help reduce skewness and improve the overall 

normality of the distribution (Tabachnick & Fidell, 2019). However, considering the 

moderate skewness values, it is important to note that the log transformation might have been 

too extreme if applied initially. Therefore, it was used as a follow-up procedure after the 

square root transformation. 

To maintain consistency, the same transformation technique was applied across all 

groups, even though it might not have been the most optimal for each group (or trait) 

individually, which is the recommended approach (Tabachnick & Fidell, 2019). However, as 

Feng et al. (2014) noted, transformations should be used with caution, as they can alter the 

original relationships in the data. Therefore, the transformations were used as additional or 

supplementary analyses, as described below. 

1.3.1 Detailed Examination of Transformation Analyses 

Transformations were applied to address skewed distributions and improve normality. 

The comparative analysis of transformations applied to the data (square root and logarithmic) 

reveals significant differences in the distribution characteristics of the HEXACO traits.  

1.3.1.1 Human Evaluator Scores 

For human evaluator scores (e.g., H_Human, E_Human), original data often exhibited 

non-normal distributions, as evidenced by skewness, kurtosis, and significant p-values in the 

Shapiro-Wilk test. For example, H_Human had a Shapiro-Wilk p-value of .001, indicating a 

significant deviation from normality. Transformations improved normality to varying 

degrees, with the square root transformation resulting in a skewness of -.52 and kurtosis of -

.36 but a Shapiro-Wilk p-value remaining significant at <.001. Similarly, logarithmic 

transformations for H_Human reduced kurtosis to -.09, but the Shapiro-Wilk p-value also 

remained significant (<.001). Compared with the original data used in the main analysis, 

these results are detailed in Table K1. 

1.3.1.2 AI Scores 

For AI scores, some traits demonstrated closer adherence to normality in their original 

form. For instance, E_AI exhibited a near-normal distribution with a Shapiro-Wilk p-value of 

.370. Transformations further improved the normality, with the logarithmic transformation 
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resulting in skewness of -.106 and kurtosis of .253, alongside a Shapiro-Wilk p-value of .320. 

Additionally, traits such as H_AI retained significant deviations from normality across all 

transformations, with skewness ranging from -.477 (original) to -.674 (logarithmic) and a 

Shapiro-Wilk p-value consistently below <.001. 

1.3.1.3 Comparative Impact of Transformations 

The transformations had varying impacts across traits. For instance, traits like 

O_Human remained highly non-normal among human evaluator scores, with logarithmic 

transformations yielding a skewness of -1.363 and kurtosis of 4.443 and a significant 

Shapiro-Wilk p-value of <0.001. Among AI scores, some traits, such as O_AI, were naturally 

closer to normality and retained non-significant Shapiro-Wilk p-values after transformations. 

1.3.1.4 Summary of Findings 

In summary, while square root and logarithmic transformations improved normality 

for many variables, some traits, particularly those evaluated by human raters, remained non-

normal even after transformation. The square root transformation proved more effective in 

stabilising variance and improving distribution symmetry, particularly for traits with 

moderate skewness and kurtosis. However, logarithmic transformations were more beneficial 

for traits requiring more significant reductions in skewness. These findings highlight the 

necessity of selecting transformations tailored to the specific distributional properties of the 

data to ensure accurate statistical analyses while also carefully considering whether such 

transformations are, in fact, necessary for further analyses. Data transformation is not always 

required or advisable when calculating correlations on skewed data, as suggested by Norris 

and Aroian (2004). 

Table K1 

Comparative Analysis of Normality 

Variable Transformation Skewness Kurtosis Shapiro-Wilk 

Sig. 

H_Human Original -.35 -.53 .001 
 

Square Root -.52 -.36 <.001 
 

Logarithmic -.69 -.09 <.001 

E_Human Original .04 -.53 .005 
 

Square Root -.16 -.42 .004 
 

Logarithmic -.39 -.10 <.001 

X_Human Original .12 .90 .003 
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Square Root -.18 1.12 .002 

 
Logarithmic -.51 1.68 <.001 

A_Human Original -.05 -.47 .013 
 

Square Root -.22 -.27 .008 
 

Logarithmic -.40 .08 .002 

C_Human Original -.29 .09 .007 
 

Square Root -.55 .77 <.001 
 

Logarithmic -.86 1.92 <.001 

O_Human Original -.44 1.59 <.001 
 

Square Root -.87 2.57 <.001 
 

Logarithmic -1.36 4.44 <.001 

H_AI Original -.48 2.24 <.001 

 Square Root -.58 2.35 <.001 

 Logarithmic -.67 2.50 <.001 

E_AI Original -.02 .26 .370 

 Square Root -.06 .25 .353 

 Logarithmic -.11 .25 .320 

X_AI Original -.02 .43 .647 

 Square Root -.06 .45 .627 

 Logarithmic -.10 .46 .586 

A_AI Original .18 1.83 .017 

 Square Root .09 1.78 .021 

 Logarithmic .01 1.76 .024 

C_AI Original -.30 .63 .268 

 Square Root -.35 .72 .182 

 Logarithmic -.39 .82 .115 

O_AI Original .07 .10 .928 

 Square Root .05 .09 .939 

 Logarithmic .03 .09 .945 

Note. H: Honesty-Humility, E: Emotionality, X: Extraversion, A: Agreeableness, C: 

Conscientiousness, O: Openness to Experience. 
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1.4 Correlation Studies on Alternative Approaches   

This section presents the correlation studies for the two additional data-handling 

approaches or conditions. Condition 1, as used in the primary analysis, included all data 

points, while Condition 2 excluded outliers using the Z-Score method, and Condition 3 

applied transformations (logarithmic and square root). 

1.4.1 Alternative Condition 2: Excluding Outliers (Z-Score Method) 

This section examines the analysis conducted after excluding extreme values to 

investigate correlations between human and AI ratings of HEXACO traits. Excluding outliers 

provided an alternative perspective on the data, enabling comparisons between Condition 1 

(including outliers) and Condition 2 (excluding outliers). The findings in both conditions 

align with previous research and highlight some alignment between human and AI ratings for 

specific HEXACO traits. Table K2 presents the results. Outliers were identified based on Z-

scores, with values exceeding ±3 flagged as extreme, consistent with widely accepted 

statistical thresholds.  

Table K2 

Spearman’s rho Correlation Coefficients: Condition Two 

Variable H_AI E_AI X_AI A_AI C_AI O_AI 

H_Human .181 -.040 .006 .042 .134 -.019 

p-value .027 .626 .947 .608 .103 .818 

E_Human -.014 .100 .114 .138 -.130 .060 

p-value .866 .225 .165 .094 .115 .467 

X_Human .330 -.002 .067 .255 .040 -.092 

p-value <.001 .997 .420 .002 .632 .265 

A_Human .118 -.022 .108 .010 .128 -.035 

p-value .152 .788 .191 .904 .119 .669 

C_Human .146 -.106 .148 -.011 .168 -.007 

p-value .076 .198 .072 .895 .041 .936 

O_Human .195 -.004 .155 .156 .088 .050 

p-value .017 .964 .060 .057 .284 .545 

N = 149 

Note. Values are rounded to three decimal places due to lower values for some traits.  

Note.  H: Honesty-Humility, E: Emotionality, X: Extraversion, A: Agreeableness, C: 

Conscientiousness, O: Openness to Experience. 
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1.4.1.1. Identifying and Filtering Outliers 

As outlined in Section 1.2. of Annexure K, values exceeding ±3 standard deviations 

were flagged as extreme. These cases were identified as outliers for potential exclusion to 

study and prevent undue influence on the results. Outliers were excluded using SPSS’s Select 

Cases function, with the condition abs(Z_Human) < 3 applied to each human-rated HEXACO 

trait. This ensured consistent exclusion across all variables. 

1.4.1.2. Condition 2 Spearman’s Correlation and Hypotheses Testing 

After removing outliers, Spearman’s rank correlation was used to assess the 

relationship between human and AI ratings, as per Table K2. Spearman’s rho was chosen for 

consistency with Condition 1 and its applicability to non-normal data. While the correlations 

were generally small, they indicated notable convergence between human and AI ratings for 

some traits. Holtrop et al. (2022) and Koutsoumpis et al. (2024), which are similar studies, do 

not specify whether or how outliers were handled. Nonetheless, the correlations observed in 

Condition 1 of the present study (inclusive of outliers) and those in Condition 2 (excluding 

outliers) appear consistent with the findings of these past studies. Specifically, Holtrop et al., 

(2022) reported small to moderate correlations between human and AI ratings in a similar 

context, particularly for Honesty-Humility and Conscientiousness, which showed significant 

and positive correlations. 

Honesty-Humility (H): The correlation between human and AI scores for Honesty-

Humility is small, yet positive and significant (r = .18, p < .05), closely aligning with findings 

from Holtrop et al. (2022), who reported a similar correlation (r = .20, p < .05). This suggests 

some alignment in how this trait is assessed across the two methods and studies, supporting 

H1a. Therefore, this result leads to the rejection of H0 for Honesty-Humility, indicating a 

positive relationship between human and AI ratings of Honesty-Humility. 

Emotionality (E): A weak positive, yet non-significant correlation (r = .10, p = .23) 

does not support H1a, suggesting no meaningful convergence between human and AI ratings 

of Emotionality. Consequently, this result fails to reject H0 for Emotionality, as no significant 

relationship was observed. 

Extraversion (X): A weak positive correlation (r = .07, p = .42) fails to provide 

evidence for H1a, demonstrating no significant convergence between human and AI ratings 

of Extraversion. This result fails to reject H0 for Extraversion, and H1b is not supported, as 

Extraversion did not show the strongest convergence between human and AI ratings as 

hypothesised. Instead, Honesty-Humility exhibited the strongest convergence. 
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Agreeableness (A): A weak positive correlation (r = .01, p = .90) fails to support 

H1a, suggesting no notable alignment between human and AI ratings of Agreeableness. Thus, 

this result fails to reject H0 for Agreeableness. 

Conscientiousness (C): A weak positive, yet significant, correlation (r = .17, p = .04) 

supports H1a, indicating some alignment between human and AI ratings of 

Conscientiousness, although the correlation is small. This finding leads to the rejection of H0 

for Conscientiousness, suggesting some significant convergence between the two rating 

methods. 

Openness to Experience (O): A weak positive correlation (r = .05, p = .55) fails to 

support H1a, indicating no significant convergence between human and AI ratings of 

Openness to Experience. Therefore, this result fails to reject H0 for Openness to Experience. 

1.4.1.3. Further Observations 

Several notable correlations were observed between AI and human ratings across 

different traits. For example, AI-rated Honesty-Humility exhibited a significant positive 

correlation with human-rated Extraversion (r = .33, p < .001), which was stronger than under 

Condition 1 (r = .30, p < .001). This unexpected finding was thus reinforced, suggesting a 

need for further investigation. As described under Condition 1, this result suggests potential 

overlap in how these traits are assessed by the two evaluators, highlighting the importance of 

exploring these connections in future research. Additionally, AI-rated Honesty-Humility was 

positively correlated with human-rated Openness to Experience (r = .20, p = .02), a stronger 

and more significant correlation than under Condition 1 (r = .18, p = .02), revealing further 

possible connections between the evaluation of these traits. Further significant correlations 

include AI-rated Agreeableness versus human-rated Extraversion (r = .26, p < .05), which 

was more substantial than under Condition 1 (r = .21, p = .01). 

Therefore, excluding outliers strengthened some traits' correlations, making them 

more significant than under Condition 1. As detailed in Annexure L, significant correlations 

were also observed within raters and traits. However, since this study focuses on the 

convergence between methods, further discussion of intra-rater correlations is beyond the 

scope of this analysis, as stated under Condition 1 in the primary analysis.  

Overall, the results under Condition 2, provide partial support for H1a, with significant 

positive correlations found for Honesty-Humility and Conscientiousness, indicating some 

alignment between human and AI ratings. However, H1b is not fully supported, as 

Extraversion did not demonstrate the most substantial convergence between human and AI 
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ratings. The relatively weak strength of these correlations and the unexpected correlations 

observed suggest the need for further research in this area. 

1.4.2 Alternative Condition 3: Transforming Data 

The third method addressed skewed data through transformations, as guided by 

Tabachnick and Fidell (2019). Certain variables in the dataset exhibited significant skewness, 

which could impact the normality assumptions necessary for statistical analyses. 

Transformations were applied to these skewed variables to normalise their distributions and 

potentially mitigate the influence of extreme values, attempting to ensure that the data met 

the assumptions of normality and homogeneity of variance required for subsequent analyses 

(Field, 2018). As discussed in the normality tests (Shapiro-Wilk and Kolmogorov-Smirnov 

tests), several variables, both human and AI ratings for the HEXACO traits, violated the 

assumption of normality (see Table J3).  

1.4.2.1. Data Transformation Methods 

Two transformations were applied to the dataset: logarithmic (LOG) and square root 

(SQRT) transformations. These transformations were selected for their effectiveness in 

addressing distribution issues such as skewness and heteroscedasticity, as described under 

Section 1.3 of the current Annexure (K). Table K3 and K4 present the Spearman correlation 

outputs under the two transformation conditions. 

Square Root Transformation: Square root transformations are effective at reducing 

moderate skewness. 

Table K3 

Spearman’s Correlation Coefficients: Condition Three: Square Root Transformation  

Variable H_AI E_AI X_AI A_AI C_AI O_AI 

H_Human .207 -.034 .007 .059 .169 -.013 

p-value .008 .672 .930 .456 .032 .872 

E_Human -.004 .118 .142 .133 -.140 .068 

p-value .963 .136 .073 .094 .077 .392 

X_Human .295 .043 .089 .209 .036 -.039 

p-value <.001 .584 .260 .008 .650 .624 

A_Human .179 -.025 .133 .053 .186 -.028 

p-value .023 .752 .091 .503 .018 .725 

C_Human .142 -.060 .162 -.017 .156 .019 

p-value .073 .453 .039 .827 .048 .816 
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O_Human .182 .039 .136 .141 .106 .046 

p-value .021 .621 .085 .075 .179 .565 

N = 161 

Note. Values are rounded to three decimal places due to lower values for some traits.  

Note. H: Honesty-Humility, E: Emotionality, X: Extraversion, A: Agreeableness, C: 

Conscientiousness, O: Openness to Experience. 

 

Logarithmic Transformation: This method is particularly useful for correcting right-

skewed data (positive skewness), as it compresses larger values while preserving the overall 

shape of the data distribution.  

Table K4 

Spearman’s Correlation Coefficients: Condition Three: Logarithmic Transformation  

Variable H_AI E_AI X_AI A_AI C_AI O_AI 

H_Human .207 -.034 .007 .059 .169 -.013 

p-value .008 .672 .930 .456 .032 .872 

E_Human -.004 .118 .142 .133 -.140 .068 

p-value .963 .136 .073 .094 .077 .392 

X_Human .295 .043 .089 .209 .036 -.039 

p-value <.001 .584 .260 .008 .650 .624 

A_Human .179 -.025 .133 .053 .186 -.028 

p-value .023 .752 .091 .503 .018 .725 

C_Human .142 -.060 .162 -.017 .156 .019 

p-value .073 .453 .039 .827 .048 .816 

O_Human .182 .039 .136 .141 .106 .046 

p-value .021 .621 .085 .075 .179 .565 

N = 161 

Note. Values are rounded to three decimal places due to lower values for some traits.  

Note. H: Honesty-Humility, E: Emotionality, X: Extraversion, A: Agreeableness, C: 

Conscientiousness, O: Openness to Experience. 

Although the correlation values from Tables K3 and K4 closely align with the main 

study correlation outputs (Table 5), suggesting that the transformations had little to no impact 

on correlation strength, statistical comparisons were used instead of manual inspection to 

assess agreement between the various conditions, as outlined in the next section. 
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1.4.3 Fisher Z-Test Analysis of Correlations Across Conditions  

The Fisher z-test was applied to compare the correlations between human and AI 

ratings for each HEXACO trait across three conditions: Condition 1 (Original Data), 

Condition 2 (Excluding Outliers), and Condition 3 (Transformed Data using Square Root and 

Log transformations), as per Table K5. This analysis aimed to determine whether the 

correlation coefficients differed significantly across conditions, assessing the robustness of 

the relationship between human and AI evaluations and supporting the decision to use 

Condition 1 as the primary evaluation dataset for the hypotheses. While Fisher's Z-method is 

typically applied to normally distributed data, which is rare in psychological research, it is 

also used cautiously and successfully with non-normal data (Berry & Mielke, 2000).  

Therefore, the focus of this analysis is on testing the statistical significance of the 

relationships between human evaluator ratings and AI algorithm ratings, rather than merely 

identifying patterns and trends in the data manually. Spearman’s correlation was used as the 

basis for Fisher’s z-test, which was applied to compare the correlation coefficients across 

conditions, with significance assessed at the p = .05 level. As guided by Field (2018), a 

critical value of z = 1.96 was used to determine significant differences between correlations, 

providing an inferential basis for understanding the differences in the strength of these 

relationships. Table K5 presents Fisher’s z-test results to offer a comparative overview of the 

relationships across the HEXACO traits and conditions. The findings are interpreted 

inferentially, addressing the hypotheses and providing meaningful insights into the alignment 

between human and AI evaluations of personality. 

Table K5 

Fisher z-Test Results for HEXACO Correlations Across Conditions 

Trait z-Value 

(Condition 1 vs. 

Condition 2) 

p-Value 

(Condition 1 vs. 

Condition 2) 

z-Value 

(Condition 1 vs. 

Condition 3) 

p-Value 

(Condition 1 vs. 

Condition 3) 

H .24 .81 .00 1.00 

E  .16 .87 .00 1.00 

X  .18 .85 -.01 .99 

A  .38 .71 .00 1.00 

C  -.11 .91 .00 1.00 

O  -.03 .97 .00 1.00 
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Trait H (Honesty-Humility): No significant differences were found across 

conditions (z-values ranged from .00 to .24, p-values ranged from .81 to 1.00). 

Trait E (Emotionality): No significant differences were observed (z-values ranged 

from .00 to .16, p-values ranged from .87 to 1.00). 

Trait X (Extraversion): No significant differences emerged (z-values ranged from -

.01 to .18, p-values ranged from .85 to .99). 

Trait A (Agreeableness): No significant differences were detected (z-values ranged 

from .00 to .38, p-values ranged from .71 to 1.00). 

Trait C (Conscientiousness): No significant differences were found (z-values ranged 

from .00 to -.11, p-values ranged from .91 to 1.00). 

Trait O (Openness to Experience): No significant differences were observed (z-

values ranged from .00 to -.03, p-values ranged from .97 to 1.00). 

As no significant differences were found across conditions for any HEXACO trait, the 

researcher concluded that the original data (Condition 1) provided a reliable representation of 

the relationships. Therefore, for hypothesis testing, the study proceeded with Condition 1 for 

the primary analysis, as it includes all data and no substantial changes were observed in the 

correlations when outliers were excluded or transformations applied. 
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Annexure L 

Statistical Outputs Supporting HEXACO Trait Comparisons Between Humans and AI  

1.1 Additional Analyses 

Additional analyses were conducted to further explore the correlation between human 

and AI evaluators and HEXACO traits, further assess the alignment and convergence 

between the two methods, and support the primary analysis, as provided in Chapter 4. Given 

that this study aims to compare HEXACO trait ratings assigned by human raters and an AI-

based scoring method to determine the extent of their convergence or divergence, this section 

presents a more detailed examination of scoring patterns across evaluators than briefly 

provided in Chapter 4. The primary objective of this additional section is to assess the 

strength of the association between human and AI ratings and the presence of systematic 

differences in trait assessments. Spearman correlations provided a substantial measure of 

agreement or convergence, as per the main content of the study. At the same time, Analysis 

of Variance (ANOVA/MANOVA) offer insights into significant differences across evaluator 

types and traits. The following subsections outline the statistical methodologies employed 

and the findings derived from these analyses. 

1.1.1 Multivariate and Trait-Specific Analysis 

This study included an analysis of Variance (ANOVA/MANOVA) to complement the 

Spearman correlation analysis by assessing further potential differences in HEXACO trait 

scores between human evaluators and the AI algorithm. Guided by Field (2018) and 

Tabachnick and Fidell (2019), while Spearman correlations examine the strength and 

direction of relationships between traits, ANOVA/MANOVA provided insight into whether 

significant differences exist in how human and AI evaluators score these traits. This 

additional analysis was necessary to evaluate the consistency and potential variability in the 

evaluation methods, aiming to ensure an even more comprehensive comparison of human and 

AI scoring approaches. Therefore, building on the correlation analysis, the next phase focuses 

on assessing multivariate differences and trait-specific effects in human and AI raters' 

evaluations of HEXACO traits. Through MANOVA, overarching patterns in evaluator 

differences were explored, followed by ANOVA, which examined how specific traits differ 

between evaluators. The findings from these analyses may offer a more detailed 

understanding of how human and AI evaluators align or diverge in their assessments of the 

HEXACO traits. 
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1.1.1.1 Comparison of Human and AI Evaluators per HEXACO Trait  

This study aimed to compare HEXACO personality trait ratings derived from 

asynchronous video interviews (AVIs), as assessed by human evaluators and AI. Repeated 

Measures ANOVA, also known as Within-Subjects ANOVA, was used to investigate rating 

differences between the two evaluator types across the six HEXACO traits. The primary goal 

was to determine the extent to which human and AI evaluations aligned or diverged for each 

trait, in addition to the correlation studies. 

The within-subjects factor in the analysis was the evaluation source (Human vs. AI), 

with each trait analysed separately for every participant. Mauchly’s test assessed sphericity, a 

key assumption that requires consistent relationships between scores across conditions (i.e., 

ratings by Human and AI evaluators). When sphericity was violated, corrections such as 

Greenhouse-Geisser, Huynh-Feldt, and Lower-bound were applied, as Field (2018) 

recommended and provided in section 1.1.3. of the current Annexure. 

This approach allowed for an even more detailed investigation of the convergence 

between human and AI-based evaluations of HEXACO personality across the six traits. The 

analysis included descriptive and inferential statistical methods to explore differences 

attributable to evaluator type (Human vs AI), trait, and their interaction (evaluator and trait). 

Each stage of the process is detailed below. 

Firstly, descriptive statistics were calculated to summarise the central tendency, 

variability, and distribution of the HEXACO trait ratings across human and AI evaluations. 

The means and standard deviations for both evaluation methods were examined to identify 

any obvious or notable differences in scoring patterns. As shown in Tables 3 and L1, the 

results indicate that, consistent with the main analysis, mean scores for human evaluations 

tend to vary more widely than those for AI evaluations. As shown in Tables 3 and L1, the 

results indicate that, consistent with the main analysis, mean scores for human evaluations 

tend to vary more widely than those for AI evaluations. Building on this, this section 

examines the relationship between evaluator type and trait scores, specifically whether the 

two evaluator types rated the HEXACO traits significantly differently. 

Table L1 

Descriptive Statistics for ANOVA and Study of Convergence 

Evaluator Trait Mean Std. Deviation N 

Human Honesty-Humility (H) 3.74 .58 161 

Human Emotionality (E) 2.95 .52 161 
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Human Extraversion (X) 3.45 .46 161 

Human Agreeableness (A) 3.65 .49 161 

Human Conscientiousness (C) 3.94 .55 161 

Human Openness to Experience (O) 3.42 .50 161 

AI Honesty-Humility (H) 3.08 .10 161 

AI Emotionality (E) 3.00 .08 161 

AI Extraversion (X) 3.07 .07 161 

AI Agreeableness (A) 3.01 .09 161 

AI Conscientiousness (C) 3.15 .08 161 

AI Openness to Experience (O) 2.96 .04 161 

N = 161 

1.1.2 Multivariate Tests (MANOVA) 

A Multivariate Analysis of Variance (MANOVA) assessed significant differences 

between human and AI evaluations across all six HEXACO traits. Following Field’s (2018) 

guidelines, this analysis provided an overview of the relationship between evaluator type and 

traits before focusing on trait-specific patterns.  

1.1.2.1 Multivariate Effects 

Pillai’s Trace was selected as the primary test statistic due to its reliability, even when 

the assumption of homogeneity of variance-covariance matrices is not fully met (Field, 

2018). As shown in Table L2, significant multivariate effects were found for evaluator type, 

trait, and their interaction (Evaluator × Trait).  

1.1.2.2 Evaluator Effect 

Wilks' Lambda was also reported for the Evaluator effect, as it provides a more 

conservative estimate of multivariate differences when testing for group differences (Field, 

2018; Tabachnick & Fidell, 2019). The Wilks' Lambda value of .33 (p < .001) indicates that 

human and AI evaluations diverge significantly across all six HEXACO traits combined, 

meaning there is a substantial difference in how the two evaluators assess these traits overall. 

This is further supported by a sizeable partial eta squared (η² = .67), which signifies a large 

effect size, suggesting that the evaluator type (human vs. AI) plays a significant role in 

determining the ratings. 

1.1.2.3 Trait Effect 

The Trait effect, indicated by Pillai’s Trace = .71 (p < .001, partial η² = .71), shows 

that the six HEXACO traits are rated differently in general, meaning there is inherent 
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variability in how the traits are assessed. This confirms that some traits are likely to show 

more variation in scores than others, which could be important for understanding the nature 

of these traits in evaluations. 

1.1.2.4 Evaluator x Trait Interaction 

Additionally, the significant Evaluator x Trait interaction (Pillai’s Trace = .60, p < 

.001, partial η² = .60) reveals that the difference between human and AI evaluations varies 

depending on the specific trait being assessed. For example, the discrepancy between 

evaluators might be larger for some traits and smaller for others. This interaction, supporting 

the main correlation matrix (Table 5), suggests that the relationship between evaluator type 

and trait is not uniform. While an overall significant and moderately positive correlation 

between the two raters (human and AI) of the HEXACO traits has been shown, further 

investigation is needed to understand why certain traits show the greatest convergence or 

divergence between human and AI raters. 

Table L2 

MANOVA Output 

Effect Test Value F Sig. Partial η² 

Evaluator Pillai's Trace .67 329.06 <.001 .67 
 

Wilks' Lambda .33 329.06 <.001 .67 

Trait Pillai's Trace .71 77.62 <.001 .71 

Evaluator x Trait Pillai's Trace .60 46.98 <.001 .60 

 

1.1.3 Repeated Measures / Within-Subjects ANOVA 

1.1.3.1 Mauchly’s Test of Sphericity 

Before conducting the Repeated Measures ANOVA, Mauchly's Test of Sphericity 

was performed to check the assumption of equal variances. In the context of the current 

study, which examines repeated measures of human and AI evaluations across the six 

HEXACO traits, sphericity refers to the assumption that the variances of the differences 

between all combinations of evaluator conditions (i.e., human vs. AI) and trait ratings are 

equal (Field, 2018). This assumption is important for the validity of statistical tests like the 

Repeated Measures ANOVA, as violations of sphericity can distort results, leading to 

inaccurate conclusions (Field, 2018). 

Mauchly’s Test of Sphericity was conducted to assess whether this assumption holds. 

A significant p-value (typically p < .05) indicates a violation of sphericity, meaning the 
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assumption does not hold, and adjustments must be made to correct for this (Field, 2018). In 

this study, the results of Mauchly’s test revealed violations of sphericity for both the Trait and 

Evaluator x Trait effects, with significant p-values (x² = 83.18, p < .001 and x² = 63.14, p < 

.001, respectively), as shown in Table L3. This means the variances of the differences 

between conditions were unequal, which could lead to inaccurate statistical inferences (Field, 

2018). Therefore, corrections were necessary to ensure the validity of the analysis. 

1.1.3.1.1 Correction for sphericity violations. To address this issue, Greenhouse-Geisser 

corrections were applied. This correction adjusts the degrees of freedom for the within-

subjects effects, providing more accurate estimates when the sphericity assumption is 

violated (Field, 2018; Tabachnick & Fidell, 2019). The epsilon values for these corrections, 

.806 for Trait and .851 for the Evaluator × Trait interaction, indicate how much the degrees of 

freedom were adjusted to account for the violations of sphericity. By applying these 

Greenhouse-Geisser adjustments, it was ensured that the subsequent statistical tests remain 

reliable, despite the violations of sphericity (Field, 2018). This correction is particularly 

important in repeated measures designs, such as the current study, where the same 

participants are measured across multiple conditions (e.g., human and AI evaluations), as it 

prevents misleading results and ensures the accuracy of the conclusions. 

Table L3 

Mauchly's Test of Sphericity 

Within Subjects 

Effect 

Mauchly's 

W 

Approx. Chi-

Square 

df Sig. Greenhouse-

Geisser Epsilon 

Trait .59 83.18 14 <.001 .81 

Evaluator × Trait .67 63.14 14 <.001 .85 

 

Thus, the violation of sphericity for the Trait and Evaluator × Trait effects, as 

indicated by Mauchly’s test, was addressed using the Greenhouse-Geisser correction. This 

adjustment ensures that the F-tests for these within-subjects effects are valid, even though the 

assumption of sphericity was not met (Field, 2018).  
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1.1.3.1.2 Within-Subjects Effects 

Following the sphericity tests and necessary corrections, the within-subjects effects of 

evaluator type (human vs. AI), trait, and their interaction were analysed to assess significant 

differences in the evaluation of HEXACO traits across both evaluators, as guided by Field 

(2018). The table below, Table L4, summarises the significant main and interaction effects 

for evaluator type, trait, and the evaluator x trait interaction: 

Table L4 

Within-Subjects Effects Output 

Source df F Sig. Partial η² 

Evaluator 1 329.057 <.001 0.673 

Trait 4.028 128.372 <.001 0.445 

Evaluator × Trait 4.255 77.064 <.001 0.325 

N = 161     

Evaluator. The significant main effect of evaluator (F(1,160) = 329.06, p < .001, h² = 

.67) indicates that there are systematic differences in the personality trait scores provided by 

human and AI evaluators. These results suggest that the two evaluation methods are not 

equivalent in assessing the HEXACO traits. 

Trait. The main effect of trait (F(4.03, 160) = 128.37, p < .001, η² = .45) reveals 

significant differences across the six HEXACO traits in how they were rated, with specific 

traits being rated more distinctly or more consistently than others. This shows that the way 

both evaluators rate the traits is not uniform, and there are marked differences in trait 

assessments. 

Evaluator and trait interaction. The evaluator × trait interaction (F(4.255, 160) = 

77.06, p < .001, η² = .33) indicates that the evaluator-related differences in ratings are not 

consistent across all HEXACO traits. It appears that AI and human evaluations may differ 

substantially on specific traits, as well as the degree of discrepancy varies depending on the 

trait being assessed. This interaction highlights the need to explore trait-specific differences 

in future analyses to better understand how each evaluator (human vs. AI) interacts with 

specific HEXACO traits. 

The significant main effects in Table L4 indicate systematic differences in personality 

trait scores provided by humans and AI. The interaction suggests that these differences are 

inconsistent across traits, as outlined in the following section. 
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1.1.4 ANOVA/MANOVA and Correlation Outcomes 

The analysis provides strong evidence of significant systematic differences between 

human and AI evaluations of HEXACO traits and notable trait-specific variations and 

interaction effects. While correlations between the two rater types (human and AI) exist, as 

discussed in Chapters 4 and 5, the results from Annexure L confirm significant differences in 

how these methods approach their evaluations. This is expected, given that the algorithm was 

designed as a text-analysis tool. In contrast,  human evaluators had a broader range of 

interpretation techniques and sources to draw from when evaluating (e.g., cue availability and 

utilisation). 

Given these findings, further examination of univariate effects may be necessary to 

explore trait-specific patterns of convergence or divergence, mainly since correlations 

between unexpected traits were also observed in Chapters 4 and 5. Therefore, while 

correlations were evident, the discrepancies between evaluators and the systematic 

differences assessing HEXACO traits highlight the complexity of personality assessment. 

This suggests that further research is needed to explore the sources of divergence and how 

each evaluation method may uniquely contribute to the overall assessment process. 




