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Abstract
Job interviews are a way for recruiters to assess applicants’ characteristics in a social
encounter where recruiters and applicants meet and exchange information about each
other. Yet, the emergence of technology-mediated interview formats such as asynchronous
video interviews (AVIs) and artificial intelligence (AI) have transformed job interviews
and pose new challenges and opportunities. Moreover, social behaviors are influenced by
culture, thus governing one’s behavior in job interviews. This thesis focuses on interview
processes such as applicants’ responses and outcomes, like recruiters’ perceptions and
evaluations, examining the role of response framing, technological innovations and cultural
dynamics; it also investigates the ability of AVIs to predict job performance and the
potential of AI in helping applicants in this process.

This thesis presents four studies that address these questions. Study 1 explored the
impact of emotional framing in responses on recruiters’ evaluations. Study 2 examined
how interview media and individuals’ culture affect applicants’ responses and recruiters’
perceptions of applicants. Building on this, Study 3 further examined the effects of AVIs
versus face-to-face interviews on applicants’ responses and performance and established
how well AVI helps predict job performance. Finally, Study 4 developed AI models to
analyze the content of applicants’ responses, paving the way for automated coaching
platforms for applicants.

Findings indicate that the emotional framing of responses plays a role in how re-
cruiters perceive them. Also, both the interview medium and applicants’ cultural back-
ground influence the content of responses and recruiters’ evaluations. However, the re-
sponse content and interview performance were mostly comparable across interview media.
Results also indicate that AVIs can predict applicants’ job performance as effectively as
face-to-face interviews. Finally, our AI model demonstrates that it is possible to automate
the analysis of response content from audio recordings.

This thesis helps to understand what affects applicants’ responses and affects in-
terview outcomes and encourages to further investigate the potential of AI to provide
personalized interview training. It offers implications for interview research and practice
and discuss its limits.

Keywords: job interviews, culture, asynchronous video interviews, storytelling re-
sponses, recruiters’ evaluation, interview validity, AI-powered training.
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Résumé
Les entretiens d’embauche permettent aux recruteur-euse-s d’évaluer les caractéristiques
des candidat-e-s dans le cadre d’une situation sociale où tou-te-s se rencontrent et échangent
des informations les un-e-s sur les autres. Cependant, l’émergence de formats d’entretien
digitaux comme les entretiens vidéo asynchrones (asynchronous video interview, AVIs) et
de l’intelligence artificielle (IA) a transformé les entretiens, posant de nouveaux défis et de
nouvelles opportunités. De plus, les comportements sociaux sont influencés par les normes
culturelles, déterminant ainsi les comportements de chacun-e lors d’entretiens d’embauche.
Cette thèse se concentre sur les processus d’entretien comme les réponses des candidat-e-s
et les résultats comme les perceptions et évaluations des recruteur-euse-s en examinant le
rôle du cadrage des réponses, des innovations technologiques et des dynamiques culturelles
; elle examine également la capacité des AVIs à prédire la performance au travail et le
potentiel de l’IA pour aider les candidats dans ce processus.

Quatre études ont été menées pour répondre à ces questions. L’étude 1 a exploré
l’impact du cadrage émotionnel des réponses sur les évaluations des recruteur-euse-s.
L’étude 2 a examiné la manière dont le média d’entretien et la culture de chacun-e affectent
les réponses des candidat-e-s et la manière dont ils vont être évalués par les recruteur-
euse-s. L’étude 3 a investigué les effets des AVIs par rapport aux entretiens face à face
sur les réponses et la performance des candidat-e-s ainsi que leur capacité à prédire la
performance au travail. Finalement, l’étude 4 a développé des modèles utilisant l’IA
pour identifier le contenu des réponses directement depuis des enregistrements audios de
réponses dans le but d’ouvrir la voie à des plateformes de coaching automatisées pour les
candidat-e-s.

Les résultats ont montré que le cadrage émotionnel des réponses joue un rôle dans
la manière dont les recruteur-euse-s les perçoivent et les évaluent. De plus, le médium
d’entretien ainsi que les normes culturelles des candidat-e-s influencent le contenu des
réponses et les perceptions des recruteurs. Néanmoins, les réponses des candidat-e-s
et les évaluations des compétences sont comparables d’un médium à l’autre. De plus,
les résultats montrent que les AVIs prédisent la performance au travail aussi bien que
les entretiens face à face. Finalement, nos modèles utilisant l’IA démontrent qu’il est
possible d’automatiser l’analyse du contenu des réponses à partir d’enregistrements audios
de réponses.

Cette thèse permet de mieux comprendre de ce qui influencent les réponses des
candidat-e-s ainsi que les résultats des entretiens d’embauche et encourage à investiguer
le potentiel de l’IA pour la préparation personalisée des entretiens. Elle apporte des
implications pratiques pour la recherche et la pratique tout en discutant de ses limites.
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Introduction

A crucial element in the maintenance of high productivity in
both government and private industry is the selection of people
with high ability for their jobs.

Hunter and Hunter (1984, p. 72)

Choosing the right people who align with an organization’s mission and values is crucial
for its success. Good hires can positively impact both short-term and long-term outcomes.
Conversely, poor hiring decisions can result in serious issues, such as high turnover, plum-
meting productivity, and poor morale, which are just the tip of the iceberg (Glassdoor
Team, 2015; Hunter & Hunter, 1984; UNIKO Media Group, 2024). The cost of such
selection mistakes can lead to significant financial losses that may wreck an organization.
Given the adverse effects of poor hiring decisions, recruiters must employ effective and
reliable methods to thrive in the talent acquisition landscape, ensuring they select appli-
cants who can contribute positively to their vision and objectives. As such, job interviews
stand out as the most widely used method to predict applicants’ future job performance
(Levashina et al., 2014; Posthuma et al., 2002).

In recent years, technological innovations have introduced new interview formats,
like asynchronous video interviews (AVIs), and artificial intelligence (AI)-assisted evalu-
ations. In AVIs, applicants engage in one-way interviews where they respond to pre-set
questions online and submit their recorded responses to recruiters, which are evaluated
later (Lukacik et al., 2022). Nevertheless, applicants often react negatively toward AVIs,
a fortiori when implemented with AI, and think they have less chance to perform well in
such settings (Basch et al., 2020; Langer et al., 2019, 2020). At the same time, only a few
studies investigated how AI may help train applicants for future interviews (e.g., Hoque
et al., 2013; Langer et al., 2016; Gebhard et al., 2019; Bangerter et al., 2023).

These innovations pose new challenges to our understanding of the dynamics of job
interviews. One such challenge lies in the social nature of job interviews. Beyond being
an instrument to assess applicants’ characteristics, they also constitute social interactions
where applicants and recruiters meet and influence one another impression through ver-
bal and non-verbal behaviors (Bolino et al., 2008; Schlenker, 1980). The lack of real-time
interaction in AVIs really shifts how applicants experience this influence process. Unlike
face-to-face interviews, which offer a rich and interactive setting for impression manage-
ment and rapport building, they lack recruiters’ presence in AVIs. Furthermore, they are
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deprived of naturally occurring feedback cues from recruiters. In this way, applicants are
forced to self-monitor their responses, potentially leading to different impressions created
on recruiters and interview performance.

A second challenge arising from the social aspect of interviews is culture. Culture
plays a central role in setting social norms, ultimately defining behaviors considered ap-
propriate in given social contexts (Liu et al., 2022). As such, one behaves in job interviews
in accordance with one’s cultural norms. How the self-image is managed in interviews
can thus vary from culture to culture (Arseneault & Roulin, 2023). Moreover, AVIs offer
a different type of social interaction that is likely to affect people differently depending
on their culture (Griswold et al., 2022).

Facing these challenges, the main objective of my thesis is to deepen the understand-
ing of how technological innovations, specifically AVIs and AI, and cultural differences
affect the job interview processes and outcomes. To do so, I begin this thesis with a review
of traditional job interviews. Specifically, I outline its psychometric foundations, social
aspects, and the role of cultural differences (Chapter 1). Building on this review, I ex-
plore how applicants respond to questions in traditional face-to-face interviews, focusing
on storytelling responses as they are optimal for creating lasting impressions (Chapter 2).
In connection, I present Study 1, which explores the effect of applicants’ response fram-
ing on interview outcomes. After providing a deepened understanding of face-to-face job
interviews, I explore the technological changes (namely AVIs and AI) in job interviews
in Chapter 3. I present Study 2 and Study 3, which investigate the effect of AVI and
culture on various interview processes and outcomes. In the second part of that chapter, I
explore how AI models can help train applicants to respond to interview questions. This
leads to Study 4, which explores how AI can be used to analyze applicants’ responses,
particularly storytelling. Finally, this thesis concludes with a discussion of the findings of
the presented studies, at the same time outlining their limitations and the opportunities
for future research.
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1 Job Interviews in Personnel Selection

The selection process is a two-way interaction where applicants
and organizations gather information about one another and
react to this information while making employment decisions.

Bauer et al. (1998, p. 892)

Job interviews have two main goals. First, they allow recruiters to evaluate further the fit
of applicants who stood out from their resumes. Second, they offer a social encounter to
initiate rapport building. In this context, recruiters try to build a positive image of their
organization. Applicants, on the other hand, want to make a good impression to increase
their chances of being hired for the job. Hence, job interviews are social interactions that
revolve around the question-answer dynamic, where recruiters and applicants exchange
information to assess fit from both sides (Bauer et al., 1998).

In this light, job interviews encompass two perspectives. First, from the psycho-
metric perspective, they help assess applicants’ characteristics, such as personality and
competency, to predict applicants’ future performance. Second, from a social perspective,
they are social interactions where both parties attempt to influence each other’s percep-
tions through positive self-presentation. They therefore engage in verbal and non-verbal
impression management strategies. However, when it comes to social interactions, it is
essential to take cultural dynamics into account, as one’s behaviors are ruled by cultural
norms (Liu et al., 2022). Hence, it is essential to identify these differences to ensure that
interview practices remain fair and valid in multicultural contexts.

Because job interviews revolve around this dual psychometric and social nature, I
develop these two perspectives in the next subchapters to show how they underpin the
processes and outcomes of job interviews. This will help to understand later the role
of response framing, technological innovation and cultural differences in the context of
job interviews. To do so, I first present the psychometric perspective of job interviews,
focusing on how behavioral interviews constitute a best practice (1.1). I then examine the
social aspect of interviews, highlighting how self-presentation and impression management
impact interview processes and outcomes (1.2). Finally, I explain the importance of
considering cultural differences in job interviews, illustrating how cultural factors can
affect applicants’ and recruiters’ behaviors (1.3).
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1.1 Psychometric Foundations of Job Interviews

Job interviews can be approached in different ways. In the psychometric approach, the in-
terview is a scientific process based on observable criteria and analytical reasoning (Roulin
et al., 2012). In other words, the interview is an instrument aiming to select the best appli-
cant for the job. It began to gain importance in the mid-20th century (Arvey & Campion,
1982; Schmidt & Hunter, 1998) in response to the limitations of the intuitive approach,
which lacked robust and reliable selection methods supporting hiring decisions. The latter
excessively relies on recruiters’ subjective impressions and feelings, allowing various biases
into evaluations (e.g., first-impression bias). The intuitive approach may thus sometimes
lead to inaccurate decisions, and even when successful, it remains challenging to identify
what led to that successful selection (Roulin et al., 2012). In contrast, the systematic
approach advocated by the psychometric perspective seeks to quantify applicants’ char-
acteristics relevant to their performance in the job position and develop measures that
can be compared across applicants. This approach facilitates knowledge sharing and helps
future recruiters replicate success effectively.

In psychometry, a good instrument must be reliable and valid. Reliability looks
at the ability of an instrument to produce consistent results when assessing the same
characteristic in similar contexts (Roulin et al., 2012). For instance, a person that retakes
the same test under similar conditions should get a comparable score. Validity looks at
whether an instrument really measures what it is intended for. This can be done through
construct validity or criterion validity (Cascio & Aguinis, 2014; Roulin et al., 2012).
Construct validity refers to the extent to which an instrument accurately measures the
targeted concept, known as the construct. Criterion validity evaluates how well the score
of a test correspond to the outcomes or behaviors it is designed to predict, which is called
the criterion. Criterion validity is further divided into two types: concurrent validity,
where the criterion and test are measured simultaneously, and predictive validity, where
the test forecasts a criterion that will occur in the future.

To illustrate interview different validities, let us consider an organization that in-
terviews applicants for an art director position, where creativity is a key requirement.
Recruiters ask questions to assess the applicants’ creativity. After the interviews, the
applicant with the highest creativity score is selected, assuming that this applicant will
outperform others in the role. In this example, construct validity checks if applicants’
responses to creativity questions truly reflect the construct of creativity. A high validity
indicates that those responses provided an accurate picture of the applicant’s creative
abilities. As for the criterion-related validities, predictive validity is about figuring out
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whether doing well on these questions predicts future success in the job. If applicants
were asked to perform a creative task, such as pitching a concept for a brand with mini-
mal preparation, the concurrent validity would assess the relationship between applicants’
performance on this creative task and performance on the creativity interview questions
(see Figure 1).

Figure 1: Criterion (Concurrent and Predictive) Validity and Construct Validity

Construct

Creativity

 construct validity

Creative task 
performance concurrent validity

Creativity question 
performance predictive validity

Future job 
performance

Criterion Predictor Criterion

Time of measurement 2Time of measurement 1

1.1.1 Job Interview Structure and Validity

Research on the psychometric properties of job interviews evidenced that interview struc-
ture is a crucial element for job interview reliability and predictive validity (e.g., Cam-
pion et al., 1997; Conway et al., 1995; Huffcutt & Arthur, 1994; Hunter & Hunter, 1984;
Schmidt & Hunter, 1998). Indeed, structured interviews have emerged as the most effec-
tive method for predicting future job performance, particularly compared to unstructured
interviews (Sackett et al., 2022). Interview structure is defined as “any enhancement of the
interview that is intended to increase psychometric properties by increasing standardiza-
tion or assisting the interviewer in determining what questions to ask or how to evaluate
responses” (Campion et al., 1997, p. 656). Structure is thus a multidimensional variable
involving many possibilities to standardize the interview process. Campion et al. (1997)
identified 15 ways to standardize both content and evaluations, among which the most
frequently used by practitioners are developing questions based on job analysis, asking
the same questions to applicants, asking better questions, using rating scales, rating each
question, and training recruiters (Levashina et al., 2014).

Huffcutt and Arthur (1994) introduced a two-dimensional model that looks at struc-
ture as a continuous variable influenced by two main factors: the questions asked during

5



interviews and how those responses are evaluated. They identified four progressive levels
of standardization for interview questions: 1) unstructured, which means there are no con-
straints; 2) limited constraints, where specific topics need to be covered; 3) pre-specified
questions, which are set questions that allow for probing; and 4) full standardization,
where all applicants answer the same questions in the same order without any probing.
For response evaluations, there are three progressive levels: 1) a single overall evalua-
tion of the entire interview, 2) multiple evaluations on pre-established criteria, and 3) an
evaluation of each response with pre-established scales. Therefore, each interview inte-
grates varying levels of standardization for both questions and evaluations, resulting in
four combinations for structured interviews (see Figure 2).

Figure 2: The Four Levels of Interview Structure Adapted from Huffcutt & Arthur
(1994)

 

Level 1 Level 2 Level 3 Level 4 

Level 1 Structure 1 Structure 2 Structure 2 Structure 3

Level 2 Structure 2 Structure 2 Structure 3 Structure 3

Level 3 Structure 2 Structure 3 Structure 3 Structure 4

Interview Question Standardization
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Note. Reproduced with permission from American Psychological Association. No further reproduction
or distribution is permitted. Light blue border indicates the ceiling effect of predictive validity at

Structure 3.

Viewing structure as a multidimensional continuum, Huffcutt and Arthur (1994)
found that the predictive validity increases with greater interview structuring. However,
further structuring yields no substantial improvement to predictive validity beyond a
certain point (Structure 3). This ceiling effect is important to consider when developing
interviews, especially given the challenges of highly structured formats. Not only are
they costly to develop, but both recruiters and applicants also express concerns about
them. Indeed, recruiters are less favorable toward high structure because they perceive
less flexibility and control, which is lower discretion and rapport-building (Lievens &
De Paepe, 2004; Van der Zee et al., 2002). As for applicants, they perceive structured
interviews as fairer but prefer the greater freedom in responding in unstructured interviews
(Conway & Peneno, 1999; Kohn & Dipboye, 1998).
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1.1.2 Behavioral Interviews and Past-Behavior Questions

Behavioral interviews are one specific type of structured interview, thus adopting a sys-
tematic approach. Such interviews are based on a job analysis collecting critical incidents
— job situations where success critically relies on the employee’s appropriate behaviors
(Campion et al., 1997; Roulin et al., 2012). For each critical incident, recruiters iden-
tify behaviors related to success and those related to failure and then develop interview
questions to invite applicants to explain their behaviors in similar situations. Based on
the behaviors described in responses, recruiters assess applicants’ mastery of the compe-
tencies of interest (Roulin et al., 2012). According to a survey, 75% of recruiters assess
applicants’ characteristics using behavioral questions (McLaren, 2019).

There are two types of behavioral questions based on the analysis of critical incidents:
situational (e.g., “Imagine you are faced with a situation where you need to manage an
angry client. How would you handle this situation?”) and past-behavior questions (e.g.,
“Can you describe a situation where you had to manage an angry client?”; Roulin et al.,
2012). Both question types ask applicants to describe their behaviors in a given situation
but differ in the temporal context of the situation they address. Situational questions
provide a hypothetical situation and ask applicants what they would do if they were in
this situation. In contrast, past-behavior questions invite applicants to provide a past
situation and ask what they have done when that situation happened. The former relies
on applicants’ intentions as a predictor of future behaviors, assuming that one does what
one says (Latham et al., 1980). The latter presupposes that one’s past behaviors will
likely be the same in the future, therefore predicting future behaviors (Janz, 1989).

Behavioral questions have a good predictive validity, with past behavior questions
having a higher one (Hartwell et al., 2019; Huffcutt et al., 2004; Taylor & Small, 2002).
However, there is still some uncertainty regarding how well these questions truly capture
the intended construct. While both question types measure the same construct (i.e., a
specific competency) and their scores strongly correlate (Campion et al., 1997; Conway
& Peneno, 1999), they show different relationships with other interview measures. Sit-
uational questions mainly correlate with job knowledge and cognitive ability, whereas
past-behavior questions appear to correlate with job experience, job knowledge, social
skills, and certain personality traits, such as extraversion (Conway & Peneno, 1999; Day
& Carroll, 2003; Krajewski et al., 2006; Salgado & Moscoso, 2002).

To ensure the predictive validity of behavioral questions, recruiters should evaluate
applicants’ responses using pre-established behaviorally anchored rating scales (BARS)
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that contain definitions and examples of typical responses (Roulin et al., 2012). BARS
are indeed known to mitigate various biases in evaluations, among others, biases toward
gender, sex, and race (Smith & Kendall, 1963).

In summary, behavioral interviews provide a structured framework for predicting
applicants’ future performance. However, this approach falls short of helping us to grasp
interpersonal interactions, such as how applicants and recruiters influence each other
through their behaviors. To fully understand applicants’ responses — and how their
behaviors can vary and influence interview outcomes — it is essential to consider the
social dimension of the interview context.

1.2 Social Aspects of Job Interviews

Job interviews constitute social interactions where recruiters and applicants meet with
a shared goal: exchange information to evaluate the potential for a lasting professional
relationship (Bauer et al., 1998; Levashina et al., 2014). As in any social interaction,
individuals seek to positively influence how they are perceived by presenting themselves in
a favorable light to others (Goffman, 1956). To achieve this, both recruiter and applicants
can adopt verbal and non-verbal behaviors to shape the desired self-image. For example,
they can take care of their appearance and communication.

Interactions between recruiters and applicants are thus part of a dynamic process in
which one’s actions influence those of the other. This mutual influence not only shapes
the progress of the interaction or the others’ impressions but also the interview outcome.
As in a chess tournament, each party adjusts its strategy in response to the other’s
moves, determining the flow of the interaction and the final decisions. In this light, I
first explain what self-presentation is in the context of social interactions and then in
job interviews (1.2.1), and review the different impression management strategies serving
self-presentation that operate in job interviews (1.2.2).

1.2.1 Opportunities for Self-Presentation

Self-presentation in interaction is defined as “establishing, maintaining, or refining an
image of the individual in the minds of others” (Baumeister, 1982, p. 3). Interestingly,
Goffman (1956) uses a theater metaphor to explain this process in our everyday life. In
his metaphor, individuals behave as actors playing a role, therefore adopting behaviors
to create a desired image of oneself. A key idea here is that individuals have a face, that
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is, a positive social value they aim to maintain or improve (Goffman, 1967). However,
maintaining face hinges not just on the actor but also on the audience. Individuals seek
to maintain their social image while helping others maintain theirs during interactions
(Goffman, 1956, 1967).

In other words, self-presentation mobilize behaviors, consciously or unconsciously,
that communicate information about the self to shape the desired image, real or false.
These behaviors can be verbal — such as choice of words or intonation — and non-verbal
behaviors — such as body language and physical appearance (Goffman, 1956). With this,
the aims are to please others and to create a favorable impression on others (Baumeister,
1982). Depending on the context and norms, individual adopts specific strategies to
achieve their goals.

Job interviews are social settings prone to self-presentation for both recruiters and
applicants (Barrick et al., 2009). Recruiters aim to make the job and organization appear
as positively as possible to attract applicants (Wilhelmy et al., 2016), while applicants
can use various strategies with the aim to increase their hirability (Barrick et al., 2009).
Indeed, recruiters’ subjective impression of applicants affects interview outcomes (Stevens
& Kristof, 1995). For example, choosing a professional outfit may help them manage how
they are perceived. They can also adjust their speech fluency and word choice based on
the cues received during the interaction while maintaining a confident posture, smile, and
eye contact.

1.2.2 Impression Management in Job Interviews

A broader form of self-presentation tactics is impression management (IM), which is de-
fined as a social influence process aimed at maximizing desired outcomes while minimiz-
ing undesirable ones (Leary & Kowalski, 1990; Schlenker, 1980). IM, therefore, involves
a conscious or unconscious attempt to control the self-image projected in interaction by
adopting verbal and non-verbal behaviors to influence the attitudes and behaviors of oth-
ers (Bolino et al., 2008; Schlenker, 1980). IM occurs particularly in job interviews due to
their high stakes nature (Rosenfeld, 1997). When engaging in IM, applicants shape their
image and aim to convince recruiters that they are the best fit for the job (Barrick et al.,
2009; Peck & Levashina, 2017; Proost et al., 2010; Van Iddekinge et al., 2007). Research
has shown that applicants frequently use IM during interviews (e.g., Ellis et al., 2002,
Levashina et al., 2014, Posthuma et al., 2002, Stevens & Kristof, 1995). In their study,
Ellis et al. (2002) reported that most applicants, 97.5%, employed at least one form of
IM during their interview.
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IM strategies can be divided in different categories. One common distinction divides
these strategies into assertive and defensive categories (Bolino et al., 2008). Assertive IM
aims to proactively build and promote a positive self-image through behaviors like self-
promotion to highlight one’s accomplishments or ingratiation to evoke interpersonal liking;
defensive IM seeks to repair one’s image when it is threatened, often through excuses or
justifications (Bolino et al., 2008; Stevens & Kristof, 1995). Assertive and defensive
tactics can also be distinguished by the target: self or other. Self-focused tactics aim at
highlighting one’s strengths and achievements (e.g., self-promotion); other-focused tactics
(i.e., aimed at recruiters or the organization) emphasize similarities or inspire sympathy
in the target (e.g., ingratiation; Kacmar et al., 1992). While assertive IM is linked to
positive outcomes, such as perceived job suitability and higher performance evaluation
ratings, defensive IM is less effective, and its excessive use risks creating an impression
of insecurity and lack of confidence (Bolino et al., 2008; Ellis et al., 2002; Stevens &
Kristof, 1995). These assertive and defensive IM strategies can also be categorized as
either honest strategies or their opposite, deceptive strategies: IM is considered honest
if it reflects reality, but it is deemed deceptive when it distorts reality to make oneself
appear better than one is (Bourdage et al., 2018; Levashina & Campion, 2007). Of note,
applicants may engage in both honest and deceptive strategies within the same interview.

IM can also occur through controlling non-verbal behaviors (Schneider, 1981, Stevens
& Kristoff, 1995). Applicants can adjust their gestures and so-called “immediacy” be-
haviors, including frequent eye contact with the recruiter, smiling, adjusting their body
posture, or reducing interpersonal distance. Such IM can convey an impression of being
confident, motivated, and competent and thus positively affects recruiters’ evaluations
(Burnett & Motowidlo, 1998; Gifford et al., 1985; Imada & Hakel, 1977; Tessler & Sushel-
sky, 1978). In contrast, applicants who cannot control their behaviors may create unfa-
vorable impressions. For example, a person unable to manage stress and anxiety-related
behaviors during the interview may be perceived as lacking confidence and warmth (Feiler
& Powell, 2016; Finnerty et al., 2016; Vijay et al., 2021). However, non-verbal behaviors
must form a consistent image with verbal behaviors, or there is a risk of being perceived
as an imposter (Goffman, 1956).

Finally, because each applicant has a different background, there might also be differ-
ences in how they use IM tactics. These differences may come from cultural norms that
dictate what behavior is appropriate or not.
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1.3 Cultural Differences in Job Interviews

Culture encompasses a set of “values, attitudes, beliefs, and behavioral meanings shared by
members of a society” (Manroop et al., 2013, p. 3516), shaping how individuals navigate
situations like job interviews. As such, culture shapes not only what we do but also how
we understand and respond to the behaviors of others around us. It is thus essential to
consider cultural differences to understand how people behave in job interviews and how
this affects others.

According to Hofstede (1984, 2010), culture can be understood through six dimen-
sions: Members of a culture can be characterized by how they deal with social inequality
(power distance), how they relate to the community (individualism), how they avoid un-
certainty (uncertainty avoidance), whether the shared goals are masculine with work as a
central aspect (masculinity), how they are committed to traditions (long-term orientation)
and how they tolerate natural human drives (indulgence; Triandis, 1982).

These cultural dimensions set underlying social norms and rules that shape its mem-
bers’ verbal and non-verbal behaviors (Liu et al., 2022). As cultures differ on these dimen-
sions, so do perceptions and expectations of ‘normal’ behaviors. For example, American
culture views speaking quickly with short pauses as positive (Jaworski, 1993). In con-
trast, other cultures, such as Chinese and Japanese, favor speeches that include pauses
(Endrass et al., 2008; Gao & Ting-Toomey, 1998). Maintaining eye contact is positively
evaluated by Western Europeans but it is not the case for East Asian cultures (Uono &
Hietanen, 2015). Moreover, some cultures use prominent and expansive spatial gestures,
while others favor more compact and restricted gestures (Kita, 2009). Thus, one adopt-
ing behaviors that do not match others’ cultural expectations is likely to be perceived
negatively or, at least, identified as a foreigner.

Culture also influences how individuals behave and are evaluated in job interviews.
For example, American culture tends to favor applicants who show enthusiasm in inter-
views more, whereas Chinese culture leans toward calmer applicants (Bencharit et al.,
2019). Additionally, applicants’ IM strategies for crafting a favorable self-image differ
across cultures: Applicants from performance-oriented cultures are more likely to pro-
mote themselves and their achievements than those from cultures that place less value
on performance (Arseneault & Roulin, 2021; Sandal et al., 2014). Hence, applicants’ suc-
cess in self-presentation in job interviews strongly hinges on the cultural environment, an
important factor to consider in understanding job interview processes and outcomes.
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Because job interviews entail both psychometric and social perspectives where self-
presentation plays a key role but varies across cultures, this thesis focuses on past-behavior
questions to investigate interview processes and outcomes. In the next chapter, I start
examining how applicants respond to past behavior questions, specifically focusing on
response framing and how this affects recruiters’ perceptions and evaluations. Then,
I continue deepening our understanding considering the role of culture and technology
in job interviews, addressing applicants’ response content, recruiters’ perceptions and
evaluations of performance and interview criterion validity (later in Chapter 3).
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2 Responding to Past-Behavior Questions

[P]ast-behavior questions invite a narrative response about the
situation, actions undertaken by the candidate and related events
that transpired. In other words, candidates are expected to
respond to such questions by telling a story

Brosy et al. (2016, p. 373)

When recruiters ask past-behavior questions, they invite applicants to recount relevant
past work-related situations that showcase their mastery of competencies. Applicants
thus have to recall a relevant situation quickly and respond to the question, describing it
(e.g., the people involved and the problem) and explaining how they managed it.

Applicants should thus engage in storytelling, that is, narrate “a set of events related
to a unique past episode characterized by a unity of time or action, which constituents are
often linked with temporal markers” (Bangerter et al., 2014, p. 598). Ideally, they should
follow the STAR mnemonic: start with a brief description of the problematic situation
(S), detail their task and actions undertaken to solve the problems (TA), and mention the
results obtained (R; Kessler, 2006). Moreover, applicants should think about how they
want to frame their stories emotionally, depending on the impression they want to create.
Do they emphasize the negative aspects of the situation, the positive ones, or mention
both? The same story, but with different emotional framing will likely create different
impressions on recruiters.

Nevertheless, applicants’ storytelling is not about delivering a story to passive re-
cruiters. Storytelling is a collaborative activity requiring the active engagement of both
the narrator and the audience, respectively the applicant and the recruiters. Together,
they co-create the narrative (Mandelbaum, 2013). To ensure a shared understanding of
the story as it unfolds, the audience collaborates with the teller, providing either generic
responses (e.g., “mhm”, “yes”) or specific responses (e.g., “No way he did that!”) to indi-
cate understanding and attention (Bavelas et al., 2000). When the audience is distracted
and cannot engage in the co-creation, it diminishes the overall quality of the story (Bave-
las et al., 2000). Therefore, applicants’ storytelling heavily depends on recruiters’ active
listening.

Given that recruiters should cooperate in the storytelling activity and at the same
time evaluate the response, storytelling responses to past-behavior questions merge the
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social and psychometric aspects of job interviews. In this context, understanding appli-
cants’ responses requires examining both how their answers are structured and how they
influence recruiters’ evaluations. Therefore, I start by examining storytelling responses
to past-behavior questions, considering their effectiveness and highlighting challenges for
applicants (2.1). Building on this, I investigate the role of response framing on recruiters’
evaluations (2.1.1), thereby presenting Study 1, which examines how emotional framing
in applicants’ narrative responses affects interview outcomes (2.1.2).

2.1 Storytelling Responses to Past-Behavior Questions

Storytelling responses are particularly effective for answering past behavior questions
because they offer applicants a way to manage impressions for several reasons (Ralston et
al., 2003). First, storytelling may appear as an honest account because it is difficult to fake
(Bangerter et al., 2014). Second, it also allows applicants to present themselves positively
and control how they are perceived. As the main character in their stories, applicants can
attribute desirable characteristics and values to themselves (Silvester, 1997). For example,
they can portray themselves as fully motivated to overcome challenges. Third, storytelling
is more persuasive than simply listing facts (Krause & Rucker, 2020), as it captivates the
audience in the vivid imagery of the characters (Winkler et al., 2022). When engaged,
the audience is more receptive to the story’s message, a phenomenon known as narrative
transportation. This transportation can influence their attitudes by reducing their critical
thinking (Van Laer et al., 2014).

However, telling stories on the fly during job interviews is challenging and cognitively
demanding. Storytelling requires recalling a suitable past event, organizing the response,
and delivering it adequately within a short time frame after recruiters’ question (Brosy
et al., 2020). This process proves difficult for many applicants, as they rarely deliver fully
developed stories without assistance (Bangerter et al., 2014; Brosy et al., 2016, 2020). The
few engaging in storytelling heavily rely on describing the situation, omitting to mention
their actions and results that would serve to illustrate their competence (Bangerter et
al., 2014). Instead, many resort to suboptimal narratives entailing broad descriptions of
generic situations (i.e., pseudo-stories, “In this kind of situation, I usually stay nice and
calm”). Under time pressure, they may also provide decontextualized assertions about
their values and opinions (“I think that one should always be nice and calm”) or self-
description (“I am a calm person”). However, only narrative responses (i.e., stories and
pseudo-stories) lead to higher hirability ratings (Bangerter et al., 2014).

Importantly, applicants’ responses can be improved through different strategies. The
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first strategy involves training before the interview. One approach is that a coach provides
detailed feedback on the response, helping the applicant construct a corrected version of
the narrative, which is then discussed within a training group (Ralston et al., 2003).
A second approach consists of extended training with image-based intervention wherein
applicants create images associated with their examples (Lin-Stephens et al., 2022). How-
ever, these procedures are time-consuming and difficult for applicants to implement (e.g.,
the lack of access to a coach). Alternatively, another strategy relies on the active partici-
pation of recruiters: They may use probe questions during the interview to help applicants
improve the content of their answers (Brosy et al., 2020). While these strategies focus
on enabling applicants to tell stories, we still understand little about what constitutes a
compelling response and how it impacts recruiters. One starting point for the answer may
be how responses are framed.

2.1.1 Emotional Framing in Narrative Responses

The framing (how something is said) of an experience can influence evaluation beyond
what is said. Consider the following question: “Can you describe a challenging situa-
tion where you had to manage an angry client?” An applicant might modestly share
an experience where an angry client approached the customer service desk and found an
appropriate solution based on their discussion. Now, let us imagine a different telling
where the applicant highlights the client’s loud approach, shouting in front of others, and
the complex negotiations leading to a solution, leaving the client smiling and grateful to
the team. By emphasizing the negative aspects of the initial situation and the negotia-
tion’s complexity, ending with the client’s great satisfaction, the applicant could provoke
a different reaction from recruiters. The emotional elements in the narrative may greatly
influence the audience’s reaction.

The effect of emotional elements may stem from how they are introduced and fluctuate
within the narrative. Indeed, narratives are characterized by their structure and their
emotional patterns. On the one hand, narratives all share a common structure, including
a beginning with the description of the context and protagonists (staging), a middle where
actions unfold (plot progression) and a cognitive tension that builds in parallel to a peak
just before the end, and finally, the narrative concludes (Boyd et al., 2020).

On the other hand, narratives also tend to revolve around core emotional trajectories.
One study identified six emotional trajectories around which various narrations cluster
(Reagan et al., 2016). The first trajectory is the constant rise of positive emotions,
illustrated by the “rag-to-riches” story of a poor man who becomes wealthy. The second
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shows a decline in positive emotions, illustrated by “Lady Susan”, about an ambitious
woman who marries below her standards. The third trajectory starts with a fall followed
by a rise in positive emotions, featuring a protagonist who overcomes a significant setback
(e.g., Man in a Hole). The fourth opens with a rise followed by a fall in positive emotions,
where the protagonist starts on a high but plunges into despair (e.g., Icarus). The fifth
is an emotional rollercoaster – a rise, fall, and rise again in positive emotions, exemplified
by Cinderella. The sixth and final trajectory is the opposite of the rollercoaster with a
fall, rise, and fall in positive emotions (e.g., Oedipus).

Interestingly, emotional trajectories contained in narratives encourage reactions and
behavioral changes in the audience. For instance, studies in health communication have
identified that when a message is emotionally framed with emotions shifting from a nega-
tive emotional beginning to a positive emotional ending (or vice versa), it can induce more
behavioral changes in the audience than when the emotions do not fluctuate throughout
the narrative (Alam & So, 2020; Carrera et al., 2008; Nabi, 2015). In the organizational
context, similar indicators can be found when charismatic leaders manipulate emotions in
their speeches to guide the audience toward desired change (Sy et al., 2018; Wasielewski,
1985).

Thus, the trajectory of positive and negative emotions in narratives may contribute
to the persuasive power of stories. Narratives have a natural propensity to transport their
audience by immersing them in evocative imagery conveyed by the protagonist (i.e., nar-
rative transportation). However, the emotional trajectories may heighten transportation
by fostering a deeper emotional connection with the narrative (Green & Appel, 2024;
Green & Brock, 2000). As such, narrative responses incorporating emotional trajectories
may increase recruiters’ narrative transport, reducing their critical thinking and influenc-
ing their perceptions and thus evaluation of applicants’ responses. Although it may affect
interview outcomes and ultimately its validity, no research, to my knowledge, addressed
that.

2.1.2 Study 1: Effect of Emotional Framing in Narrative Responses to Past-
Behavior Questions on Interview Outcomes

In Study 1, we improved our understanding of what leads narrative responses to past-
behavior questions to higher evaluations through the lens of emotional framing.

Previous research evidenced that emotional trajectories in narratives influence the au-
dience’s reactions and behaviors (Alam & So, 2020; Carrera et al., 2008). Some applicants
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may, consciously or not, provide narrative responses with effective emotional framing to
enhance their persuasive impact. Specifically, best-rated narrative responses would struc-
ture their emotional trajectories to show progress toward a goal by overcoming challenges,
corresponding to an ascending positive emotional trajectory and a descending negative
emotional trajectory. However, their role in shaping recruiters’ evaluations during job
interviews remains unexplored.

Considering the critical role of applicants’ communication skills in interview valid-
ity (Huffcutt & Murphy, 2023), understanding the emotional trajectories in applicants’
responses can provide insights into how their communication contributes to interview
outcomes. To address this gap, we were thus interested in examining how positive and
negative emotions fluctuate over the course of narrative responses to past-behavior ques-
tions (Research Question 1) and how positive and negative emotional trajectories within
narrative responses affect recruiters’ evaluations and emotional engagement with the re-
sponses (Research Question 2).

To answer our research questions, we used face-to-face (FTF) mock interviews that
included three past-behavior questions that naturally elicited narrative responses. We
used LIWC software (Boyd et al., 2022; Piolat et al., 2011) to extract positive and nega-
tive emotions from the transcripts of narrative responses (i.e., stories and pseudo-stories).
This software categorizes words from a given text into positive and negative emotion cat-
egories and provides the percentage of words that fall into each category. Based on the
video recordings, raters evaluated participants’ competence using BARS anchored with
examples and definitions. They also evaluated performance, engagement, and persua-
siveness and one rater reported her emotional engagement with the narrative response.
These latter evaluations were measured using 5-point scales and form more “general” and
“subjective” measures compared to the BARS-based evaluations of competence.

Regarding the fluctuation of positive and negative emotions in narrative responses
(Research Question 1), analyses revealed that, on average, the positive emotions signifi-
cantly increased throughout the response forming a rising trajectory, while the quantity of
negative emotions remained constant showing a flat trajectory. Although job interviews
constitute formalized high-stakes social interaction, this finding shows that emotions are
part of those interactions and may fluctuate to follow trajectories, as they would in more
traditional narratives (Reagan et al., 2016).

Regarding the effect of emotional trajectories on raters’ evaluations (Research Ques-
tion 2), analyses showed that the emotions and their trajectories within responses in-
fluenced the raters’ evaluations. A higher presence of negative emotions in the overall
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narrative response, along with increasing negative emotions throughout the response, was
linked to lower competence ratings; increasing negative emotions during the response also
resulted in a decreased performance. This suggests that negative emotions may signal
that the participant is not doing well. On the other hand, a higher presence of positive
emotions in the overall narrative response resulted in a lower engagement. This may indi-
cate that too much positivity signals a lack of involvement. However, increasing positive
emotions throughout the response enhanced the persuasiveness ratings, signaling that the
person is progressively solving problems.

Surprisingly, the rater’s emotional engagement could not be explained by positive and
negative emotions or their trajectories. Following the logic that narrative transportation
is enhanced by emotional trajectories, making the message more persuasive (Alam & So,
2020; Carrera et al., 2008), one might expect that the rater’s emotional engagement would
be related to emotions in narrative responses. Our finding may be explained by the fact
that, in this study, the rater evaluated their emotional engagement based on multimodal
responses, specifically video-recorded narrative responses. Previous research linking the
audience’s emotional engagement, narrative transportation, and behavior changes used
written narratives, which concentrated the emotional dimension solely on the words (Alam
& So, 2020; Carrera et al., 2008). In contrast, our rater viewed video-recorded narratives
that included both audio and visual cues. However, emotions can be conveyed beyond
words through non-verbal and paraverbal cues, such as facial expressions and intonation
variations (App et al., 2011; Simon-Thomas et al., 2009). Thus, the mere emotional
valence of spoken words could not sufficiently explain the rater’s emotional engagement.

Nevertheless, these results indicate that the emotional framing of a narrative response
can influence recruiters’ evaluations during an interview. Results are further discussed in
the Discussion (Chapter 4).
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3 Technology in Job Interviews

Information technology has had widespread effects on almost
every aspect of our society. [...] It has also had a profound
impact on organizational processes, including those in Human
Resource Management.

Stone et al. (2015, p. 216)

Technological advances have transformed hiring practices by introducing new interview
formats and tools that offer a range of unique possibilities. One format that has emerged
recently and continues to gain popularity is the asynchronous video interview (AVI). In
AVIs, recruiters upload interview questions to online platforms and applicants record
their responses with their computer webcams at their convenience (Lukacik et al., 2022).
However, AVIs deprive of real-time interaction, changing how applicants and recruiters
connect and exchange information. This new form of social interaction raises questions
about its impact on applicants’ experiences, response behaviors such as storytelling, and
on interview outcomes and validity.

In addition to AVIs, artificial intelligence (AI) has also been incorporated into the
personnel selection process through tools designed to assist recruiters in their tasks. AI
mimics human intelligence using machines (computers) to perform tasks that would typi-
cally require humans (Janiesch et al., 2021). Hence, AI models offer promise for developing
tools that can assist in hiring decisions. At the same time, they could also help train ap-
plicants to respond appropriately to interview questions with automated analyses of their
behaviors, thus enabling the provision of specific feedback.

Within the framework of this thesis, I investigate how technological advances in the
form of AVIs and AIs impact job interview processes and outcomes. I first discuss AVIs,
detailing what they are and how they differ from FTF interviews, including applicants’
reactions and performance in such interviews (3.1). Building on Study 1, which demon-
strated the effect of well-framed narrative responses on recruiters’ evaluations, I examine
how applicants’ culture and the lack of real-time interaction in AVIs can affect applicants’
storytelling responses and recruiters’ evaluations. To this end, I compare applicants’ re-
sponses to past-behavior questions, their interview performance, recruiters’ evaluations of
them and interview validity in FTF and AVIs (Studies 2 and 3; Section 3.2). Finally, I
explore the potential of AI-powered platforms to assist in training applicants to respond
to interview questions. Study 4 investigates the feasibility of analyzing response content

19



directly from interview audio recordings, which would bring us closer to AI models that
could be implemented on platforms providing personalized feedback on responses (3.3).

3.1 Asynchronous Video Interviews (AVIs)

In recent years, organizations have manifested a growing interest in using AVIs (Ciphr,
2023; Griswold et al., 2022). HireVue, a leading company providing AVI services world-
wide, reported that over 1 million interviews were completed on its platform during Oc-
tober 2021 only (Hirevue, 2021). This exponential interest may stem from their cost-
effectiveness in rapidly interviewing applicants, adaptable scheduling releasing from the
constraints to meet in-person or remotely, greater capacity to address a broader pool of
applicants, and the ability to defer evaluations (Lukacik et al., 2022). Besides their practi-
cability, AVIs also include standardization of some interview aspects, which helps increase
reliability and validity (Lukacik et al., 2022): They present the same interview questions
to all applicants and allow the same response time across participants. Moreover, AVIs
prevent asking any other questions than those planned, which increases standardization
and reduces biases (Levashina et al., 2014).

Besides deciding what question to ask, recruiters have to choose among various possi-
ble AVI designs, which are how the different features of the interview are configured. For
instance, interview questions can be presented in different formats: text-based (questions
written on-screen), avatar-based (an avatar asks the questions), or recorded videos (an
interviewer asks the questions). As for the response, applicants can be (optionally) pro-
vided time to prepare their response and a specific time allotted to respond. Moreover,
they may be allowed to review and re-record their responses (see Lukacik et al., 2022).
Thus, AVIs can widely vary from one another due to recruiters’ unique decisions for each
feature and are likely to elicit different applicants’ experiences and reactions.

Despite AVIs’ practical benefits for both recruiters and applicants, they pose new
challenges as they fundamentally alter the classical interview dynamics between applicants
and recruiters. The one-way interaction deprives applicants of immediate feedback and
non-verbal cues from recruiters. Applicants must then navigate the challenge of crafting
an optimal self-presentation without being able to gauge the impression they are creating
on recruiters. They must also monitor their responses without relying on the help or
intervention of recruiters. Therefore, AVIs are likely to affect interview processes and
outcomes compared to synchronous interview media (e.g., videoconference and face-to-
face interviews).

20



To grasp the impact of this new interview format and its different designs, we first
need to understand how this form of social interaction differs from traditional FTF inter-
views (3.1.1) and how applicants react and perform in such settings (3.1.2). These aspects
are essential for further exploration of how the interview medium may shape interview
processes, outcomes and validity (a focus in Chapter 3.2).

3.1.1 Media Richness and Social Presence in AVIs

The one-way interaction in AVIs deeply changes the dynamic compared to FTF interviews.
Potosky’s (2008) framework of four media attributes helps us understand how AVIs differ
from traditional in-person interviews. The first of these attributes is interactivity, defined
as the pace and fluidity of exchanges between the interlocutors. FTF interviews inherently
support a high degree of interactivity between recruiters and applicants, whereas AVIs fall
short in this regard. Second, a medium is characterized by its social bandwidth, which
refers to the amount of verbal and non-verbal cues it can transmit. FTF interviews allow
for the full range of verbal and non-verbal behaviors. However, AVIs limit applicants,
as only the upper part of their body is visible on video (Van Iddekinge et al., 2006).
Additionally, recruiters cannot transmit cues themselves (Daft & Lengel, 1986; Potosky,
2008). Third, the transparency of the medium refers to the extent to which interlocutors
are unaware of the medium during the interaction. In AVIs, applicants are constantly
reminded that the computer is an obstacle between them and the recruiters. Fourth and
lastly, the medium can be characterized by a feeling of surveillance, which refers to the
possibility that a third party can enter the conversation or monitor it. While in FTF
interviews, it is impossible for someone to access the interview without being seen by all,
AVIs can raise issues regarding the confidentiality of the video recording: Who will see
the video or where their responses are stored may not always be clear.

AVI’s media attributes may thus influence the feeling of social presence, defined as
“the degree of salience of the other person in the interaction and the consequent salience of
the interpersonal relationships” (Short et al., 1976, p. 65). In FTF interviews, recruiters
are physically present, fostering a strong sense of social presence. In contrast, applicants in
AVIs, who face only a computer screen, experience a reduced sense of social presence. This
perceived presence, in turn, influences how engaged individuals become in the interaction.
Moreover, lower perceived social presence may impact the perception of opportunities to
perform, thus, the perceived fairness of interpersonal treatment in the interview (Gilliland,
1993).
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3.1.2 Applicants’ Reactions and Interview Outcomes in AVIs

In general, applicants’ reactions to AVIs are more negative than to other computer-
mediated interviews (e.g., videoconferencing) and FTF interviews. Indeed, they report
lower social presence and fairness, less opportunity to perform, and higher stress in AVIs
than in FTF interviews (Basch et al., 2020; Kleinlogel et al., 2023). When further inves-
tigating their reaction to different AVI designs, research evidenced that each recruiter’s
design decision creates a different experience for applicants. For instance, limited or no
preparation time may be seen as unfair, while longer preparation enhances the perception
of opportunity to perform and treatment fairness (Basch et al., 2021; Langer et al., 2017).
Similarly, the format of interview questions can improve the perceived social presence.
While there seem to be no differences between text-based and avatar-based questions in
terms of perceived fairness and opportunity to perform, video-recorded questions enhance
perceived social presence compared to text-based questions (Kleinlogel et al., 2023; Rizi
& Roulin, 2024).

This is an important issue that organizations should consider while creating their
AVIs. Applicants’ negative reactions toward the selection process can impact organiza-
tional reputation and outcomes such as job acceptance and turnover intentions (Bauer
et al., 1998; Chapman et al., 2005; Hausknecht et al., 2004; Smither et al., 1993). When
applicants perceive a diminished social presence and fewer opportunities to showcase their
abilities (Basch et al., 2020), this perception may hinder their motivation to fully engage
in the interview process (Hausknecht et al., 2004). However, motivation to engage with a
test is crucial for validity (Schmit & Ryan, 1992). A decrease in motivation during AVIs
may lead recruiters to misinterpret the applicants’ competencies.

As for applicants’ performance in AVIs, it differs from other interview media. Ap-
plicants get lower performance ratings in videoconferences than in AVIs (Langer et al.,
2017). However, one study comparing FTF interviews with AVIs found that applicants’
performance ratings were comparable across both media when using the same evaluation
procedure, eliminating preparation time in the asynchronous condition and providing un-
limited response time (Kleinlogel et al., 2023). However, providing preparation time can
help applicants perform better (Roulin, Wong, et al., 2023).
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3.2 Effect of the Interview Medium and Culture on Behavioral

Interview Processes and Outcomes

3.2.1 Study 2: Effects of Interview Medium and Culture on Applicant Sto-
rytelling, Disfluencies and Evaluations in Behavioral Interviews

In Study 2, we further investigated the effects of different AVI designs (text-based vs.
avatar-based questions) on applicants’ responses and recruiters’ evaluations of them com-
pared to FTF interviews.

Because AVIs deprive applicants of two-way interactions with recruiters, applicant
storytelling responses will likely differ between FTF and AVIs. Indeed, storytelling is a
collaborative process requiring an active audience (Bavelas et al., 2000). Therefore, we
investigated the effect of the interview medium on applicants’ storytelling responses to
past-behavior questions (Research Question 1).

Another aspect worth considering in applicants’ responses is their speech fluency
because it relates to how applicants are perceived and evaluated by recruiters. Disfluencies
in one’s speech are common in spontaneous conversations and manifest as silent pauses,
fillers (“uh”, “um”), interruptions, and repetitions (Fox Tree, 1995). While previously
considered disruptive, these disfluencies can aid listeners in understanding and getting
insights into the speaker’s cognitive processes, like one’s hesitation (Brennan & Williams,
1995; Corley & Stewart, 2008; Smith & Clark, 1993). In job interviews, applicants are
expected to respond quickly after recruiters’ questions (Brosy et al., 2016). However,
they may need time to prepare their answers or fix syntactic or lexical issues, thus having
disfluent speech (Brennan, 2000). In turn, these disfluencies negatively affect recruiters’
perceptions of applicants and their evaluations (Brosy et al., 2016). In AVIs, applicants
lack recruiters’ feedback and non-verbal cues available in FTF interviews. They are forced
to monitor their responses without immediate external validation or correction while they
strive to have a natural speech flow. Hence, applicants’ speech fluency might differ between
FTF and AVI interviews, which may ultimately affect interview outcomes. Because of this
new challenge, we explored how the interview medium impacts applicants’ disfluencies in
behavioral interviews (Research Question 2), in the form of fillers and repetitions.

The constraints posed by AVIs may also affect how recruiters evaluate applicants’
engagement and self-confidence. For instance, the limited social bandwidth and the lack
of direct interaction with recruiters prevent gestures or immediacy behaviors like eye
contact and smiling (Imada & Hakel, 1977). However, such behaviors have been shown to
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enhance the perception of self-confidence and motivation during FTF interviews (Gifford
et al., 1985; Tessler & Sushelsky, 1978). Yet, in the context of AVIs, the absence of these
cues raises questions about how recruiters’ evaluations compare to those in traditional
FTF settings. Initial research suggests that applicants appear less stressed in avatar-
based and text-based AVIs than in FTF interviews (Kleinlogel et al., 2023). Nonetheless,
there remains a gap in our understanding of how recruiters evaluate engagement and
self-confidence across different AVI formats versus FTF interviews. Therefore, we asked
how the interview medium affects recruiters’ evaluations of applicants’ engagement and
self-confidence (Research Question 3).

Since one’s behavior is influenced by culture (Liu et al., 2022), it is also important
to consider cultural differences when studying verbal behaviors such as storytelling and
disfluencies in the context of job interviews. These behavioral differences across cul-
tures could result in different recruiters’ evaluations. What is more, technology-mediated
interviews can influence behavior differently across cultures. For example, the limited so-
cial bandwidth of AVIs can hinder applicants from cultures that use expansive gestures,
limiting their self-expression compared to FTF interviews. In addition, attitudes toward
technology can affect interactions; some cultures will be more open to computer-mediated
communication. For instance, cultures high on power distance are more open to the use of
technology than those lower on that dimension (Jan et al., 2022). Furthermore, cultural
dimensions such as uncertainty avoidance, indulgence and short-term orientation may
shape applicants’ reactions to AVIs (Griswold et al., 2022). Such differences in attitude
and reaction toward technology may yield different behaviors. Therefore, we investigated
the effect of culture on applicants’ responses and recruiters’ evaluations across interview
media (Research Question 4).

To answer our four research questions, we used data from Kleinlogel et al. (2023)
to build on their research. Their convenience sample consisted of male Swiss and Indian
participants who underwent a mock interview, including two past-behavior questions and
three other questions from various question types (e.g., presentation questions, their qual-
ity, why they should be hired). Participants were attributed to one of three conditions:
FTF vs. avatar-based AVIs vs. text-based AVIs.

Analyses of storytelling responses to past-behavior questions (Research Questions 1
and 4) showed that participants generated more stories in AVIs (avatar- and text-based)
than in FTF interviews. But when comparing storytelling responses across interview
media, we found that the amount of STAR narrative elements was consistent. This means
that participants provided storytelling responses more frequently in AVIs, but in terms
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of content, their stories are similar to those in FTF interviews. Results also evidenced
cultural differences, with Swiss participants providing more storytelling responses than
their Indian counterparts. Also, Swiss participants provided more situational and result-
related narrative elements in AVIs than Indian participants.

Regarding disfluencies in behavioral interviews (Research Questions 2 and 4), findings
indicated that repetitions were more frequent in avatar-based AVIs than in FTF interviews
and text-based AVIs. At the same time, fillers did not vary across the three interview
formats. Moreover, there was no difference between Swiss and Indian participants for
both types of disfluencies.

Analyses of evaluations of engagement and self-confidence (Research Questions 3 and
4) revealed that participants were evaluated as more engaged in FTF interviews than in
AVIs (avatar- and text-based). Also, Indian participants were evaluated as more engaged
and self-confident than their Swiss counterparts.

This study highlighted that interview medium and culture can both affect aspects
of applicants’ responses and recruiters’ evaluations. Thus, hiring organizations should
carefully consider the effects of using lower-rich media like AVIs and cultural differences
in job interviews. I further discuss the results in the Discussion (Chapter 4).

3.2.2 Study 3: Responses to Past-Behavior Questions in Face-to-Face and
Asynchronous Video Interviews: Storytelling, Interview Performance
and Criterion Validity

Study 3 further explored applicants’ responses and performance across different interview
media (FTF interviews versus text-based AVIs). At the same time, this study extended
knowledge on the criterion (concurrent) validity of past-behavior questions in AVIs.

Although Study 2 demonstrated that storytelling responses tend to be more frequent
in AVIs, findings are limited due to the use of a male-only sample. Furthermore, the nar-
row focus on storytelling in Study 2 excluded other response types, such as pseudo-stories
and decontextualized assertions (i.e., assertions about one’s values and opinions, self-
description, and justifications), which may also vary according to the interview medium.
To address these limitations and provide a more detailed understanding of applicants’
responses, we formulated Research Question 1: What effect does the interview medium
have on applicants’ responses to past-behavior questions?

Applicants’ interview performance across media has also been a subject of investiga-
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tion. Initial studies indicate that applicants perform worse in videoconferences than in
FTF interviews (Melchers et al., 2021) and AVIs (Langer et al., 2017). However, only one
study compared applicants’ performance between FTF interviews and AVIs and found
comparable performance when the same evaluation procedure was used and preparation
time was eliminated (Kleinlogel et al., 2023). To provide additional evidence to ensure
that performance is comparable between the two interview settings, we developed Re-
search Question 2: What effect does the interview medium have on applicants’ interview
performance?

Applicants’ negative reactions to AVIs may jeopardize behavioral interview validity.
Perceiving less social presence reduces their sense of opportunity to perform, reducing
their motivation (Basch et al., 2020; Hausknecht et al., 2004). However, validity relies on
one’s motivation to engage with a test (Schmit & Ryan, 1992). Low motivation in AVIs
can lead to recruiters misinterpreting applicants’ competencies. Furthermore, applicants’
higher stress in AVIs could also affect the validity (Kleinlogel et al., 2023; Schneider et
al., 2019). To address these concerns, one way to assess past-behavior questions’ criterion
validity is to test applicants’ performance in a standardized work sample (Heimann et al.,
2020; Krajewski et al., 2006). This allows to compare the performance under controlled
conditions and relates it to the interview performance. We formulated Research Question
3: What effect does the interview medium have on the criterion validity of past-behavior
questions as measured in an experimental work sample?

We conducted an experiment over two sessions. In the first session, participants com-
pleted a standardized work sample consisting of two role-plays. From this, we derived a
measure of exercise performance. A week later, in the second session, they completed one
mock interview, either in the FTF interview or AVI conditions. During the interviews,
participants answered three past-behavior questions, including one about the previous
week’s work sample. This experimental design links the performance at the past-behavior
question about the work sample with the exercise performance at the work sample, al-
lowing for criterion validity computation. It also enables us to relate the overall interview
performance with exercise performance for overall interview criterion validity.

Regarding the effect of the interview medium on applicants’ responses (Research
Question 1), analyses revealed that participants talked more in AVIs than in FTF in-
terviews by a factor of about 1.67. However, they did not differ in the rate of narra-
tive answers (i.e., stories and pseudo-stories) or decontextualized assertions about self-
descriptions and justifications. The only difference was that participants shared about
their values and opinions in AVIs more than in FTF interviews.
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Regarding the effect of the interview medium on interview performance (Research
Question 2), we found no significant difference between FTF interviews and AVIs, aligning
with findings by Kleinlogel et al. (2023).

As for the effect of the interview medium on interview criterion validity (Research
Question 3), our results showed that the overall interview performance (i.e., responses
to the three past-behavior questions) predicted exercise performance as measured by the
performance at the role-plays. The interview medium had no effect, suggesting that
its validity also holds in AVIs. Moreover, the performance of the past behavior ques-
tion specifically targeting the role-plays also predicted the performance of the role-plays,
aligning with Liff et al.’s (2024) evidence for criterion (predictive) validity of past-behavior
question in AVIs.

Results are discussed in the Discussion (Chapter 4).

3.3 Artificial Intelligence (AI) Applications in Job Interviews

The application of artificial intelligence (AI) in job interviews is facilitated by AVIs.
Its use is promising, as it can provide relevant information from recordings to support
recruiters and applicants in this process. AI is a field of computer science that intends to
create machines capable of performing tasks usually associated with human intelligence
(Janiesch et al., 2021). A comprehensive review of AI’s development and algorithms is
beyond the scope of this thesis. Instead, I broadly introduce two subtypes of AI models,
namely machine learning and deep learning models, to finally focus on their use in the
context of job interviews.

Machine learning (ML) and deep learning (DL) are types of AI models that help
computers understand the data and perform tasks by spotting patterns and relationships.
ML uses algorithms to learn tasks by identifying relationships between human-provided
annotations called features and outcomes called labels (Liem et al., 2018). Tasks include,
among others, classifying data into categories (classification task) or predicting charac-
teristics such as one’s personality (regression task). DL models are more advanced types
of ML models. They feature more complex structures that resemble (simplified) human
brains with multiple layers of neurons (Khan et al., 2021). This structure enables them
to automatically identify and extract relevant features from raw data, making human
intervention unnecessary (see Figure 3 illustrating the difference between ML and DL).

To generate robust and accurate predictions, ML and DL models typically follow a
two-step process: training and then evaluation (Liem et al., 2018). First, they are trained
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Figure 3: Difference Between ML and DL on a Supervised Classification Task
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to adapt to the data. This first step can typically be accomplished through supervised
learning, where the model is provided with human-coded labels that serve as the ground
truth that the model uses to learn, or unsupervised learning, where the model learns the
rules by themselves (Janiesch et al., 2021; Liem et al., 2018). In the second phase, the
trained model is tested and evaluated on previously unseen data to see how well it works
with any newly presented data it will encounter when applied to practical use. Although
key advantages of such models are their speed in processing large data sets and their
ability to reveal relationships that humans may overlook (Khan et al., 2021), they highly
depend on the quality of the training data; imprecise or biased data can lead to wrong
decisions (Geiger et al., 2020; Liem et al., 2018).

In the context of job interviews, ML and DL models have gained interest for their
potential to assist recruiters in decision-making. In this sense, various ML models have
been developed to predict applicants’ characteristics like personality (Hickman et al., 2022;
Koutsoumpis et al., 2024; Rupasinghe et al., 2016) and outcomes related to performance
or hirability ratings (Chen et al., 2017; Koutsoumpis et al., 2024; Naim et al., 2015;
Nguyen et al., 2014). Based on video recordings, different behavioral cues – namely
verbal (e.g., speech content), paraverbal (e.g., prosody, fluency), and non-verbal (e.g.,
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facial expressions) – were extracted and input into the models. These models were then
able to predict the desired characteristics satisfactorily. Moreover, the recent advances
in DL have enhanced models that can now perform more powerful in-depth analyses of
applicants’ behaviors directly from AVI recordings to predict personality and hirability
(Hemamou et al., 2019; Rahman et al., 2021; Suen et al., 2019).

Besides the opportunity to assist recruiters in hiring decisions, ML and DL models
may be used to help applicants train for their future interviews. In the next subchapters,
I explain why such automated training would be promising and review some developed
training systems that provide feedback on behaviors (3.3.1). Then, I present Study 4,
which explored DL models to analyze applicants’ response type (storytelling and other
response types) from interview audio recordings directly (3.3.2).

3.3.1 Machine Learning and Deep Learning for Applicants’ Interview
Training

To help applicants prepare for their future interviews, training platforms powered by AI
could offer an alternative to conventional methods. Indeed, coaching with an instruc-
tor providing personalized feedback can help improve performance (Maurer & Solamon,
2006), but it may be difficult for some to access them. On the other hand, methods such
as training with videos explaining the right behaviors can also help applicants (Roulin,
Pham, & Bourdage, 2023), but do not provide personalized feedback, thus limiting indi-
viduals’ improvement. In this light, training platforms equipped with automated analysis
of behavioral cues would be able to provide both accessible training and personalized
feedback to applicants, enabling them to improve their interview skills.

Such training systems have started to emerge. For instance, one application was
developed for applicants to engage with a conversation avatar coach and get feedback on
their non-verbal (e.g., smiling) and paraverbal (e.g., prosody) behaviors (Hoque et al.,
2013). Another study incorporated automatic feedback regarding applicants’ behaviors
into serious games for job interview training (Gebhard et al., 2019). While interacting with
the avatar coach, applicants get real-time feedback on seven non-verbal and paraverbal
behaviors such as smiling, eye contact, body posture, arms crossed, nodding, voice volume,
and voice energy. Additionally, Langer et al. (2016) found that providing real-time
feedback on non-verbal behaviors during avatar-led job interviews improves interview
performance and reduces interview anxiety.

However, these above training systems primarily focused on giving feedback on non-
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verbal or paraverbal elements of applicants’ responses, although verbal behavior, such
as the response content, is a determinant factor explaining interview performance, of-
ten outweighing the importance of non-verbal or paraverbal behavior (Rasmussen, 1984;
Riggio & Throckmorton, 1988). Therefore, developing models that provide feedback on
the response content is important. To address this, Bangerter et al. (2023) attempted
to identify storytelling and STAR narrative elements within applicants’ transcribed re-
sponses in FTF interviews using various ML algorithms. Their results showed that it
is feasible to predict applicants’ storytelling responses. However, a limitation of their
study is its dependency on human-generated transcripts. This makes it difficult to apply
findings to platforms where only audio speech would be available. Moreover, it is imprac-
tical to manually transcribe audio recordings before conducting ML analyses in a scalable
manner.

3.3.2 Study 4: Identifying Storytelling in Job Interviews Using Deep Learn-
ing

In Study 4, Mutian He and I (and, of course, all other co-authors) explored how more
powerful DL models can help identify applicants’ storytelling responses to past-behavior
questions directly from interview audio recordings. Our goal was to pave the way for
later audio-based models that could be implemented on training platforms to provide
personalized feedback that improves applicants’ storytelling skills.

Applicants seldom provide storytelling answers to behavioral questions, which en-
hance hirability, without prior training or help from recruiters’ probe questions (Bangerter
et al., 2014; Brosy et al., 2020; Roulin, Pham, & Bourdage, 2023). Interestingly, AI-driven
systems in training platforms or software could offer tailored feedback to applicants based
on their recorded answers. Building on Bangerter et al.’s (2023) work, we used the audio
and transcript of mock behavioral interviews. Based on the transcripts, we divided re-
sponses to past-behavior questions into utterances, which are “a clause including a subject,
verb, and object” (Bangerter et al., 2014, p. 598), and each utterance was classified for
its utterance type, that is as belonging to a story vs. pseudo-story vs. decontextualized
assertion vs. other. Utterances classified as stories and pseudo-stories were further classi-
fied as situation, task-action, or result-related elements, while decontextualized assertions
were classified as values/opinions, self-description, and justification. This fine-grained
labeling scheme thus contains 10 categories.

Before building DL models, we identified three issues to address. First, labels were
unbalanced, with some very rare, making it difficult for the model to learn those labels.
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We explored two alternative labeling schemes, one combining non-narrative labels (i.e.,
values/opinion, self-description, justification, and other), resulting in seven categories, and
the other coarse-grained with only three categories, distinguishing story, pseudo-story, and
other. Second, utterances were mostly short, which limited the context for models to learn
and predict labels. We considered two techniques to enlarge the context: coalescence —
merging adjacent utterances with the same labels, and expansion — providing a context
of ∼20 seconds around the targeted utterance. Third, the model must handle audio
recordings directly, as new data will not have human transcripts. Therefore, we used an
automatic speech recognition (ASR) model to directly transcribe interviews from audio
recordings.

We built a DL classification task that we developed in three steps, each step ad-
dressing the previously identified challenges. The first stage, termed baseline assessment,
compared two types of models across the three labeling schemes: transcript-based models,
which use manual transcriptions, and audio-based models, which use transcripts gener-
ated by ASR. This step helps us set a baseline for the audio-based models to measure their
improvement in the later stages and compare them to the transcript-based models. The
second step, termed audio enrichment, examined three ways to improve the performance
of audio-based models by adding more information from audio recordings: 1) ASR mixing
that combines human and ASR-generated transcripts during training, 2) audio inputs in-
cluding paraverbal information extracted from the audio recordings, and 3) layer mixing
which integrates information from different layers of audio data, such as higher layers for
semantic meaning and lower layers for paralinguistic information. The third step, referred
to as context enlargement, focused on expanding the context around an utterance using
two techniques: coalescence and expansion techniques. These approaches were evaluated
to determine their impact on model performance.

For the first step, the baseline assessment revealed two primary observations. Tran-
script-based models consistently outperformed audio-based models that did not incorpo-
rate audio enrichment or context enlargement. Also, simplifying the task by reducing the
number of categories from ten to three enhanced the performance of both model types.
This suggests that fewer labels result in more accurate predictions. The second step with
audio enrichment showed that providing audio input helped in the coarser scenario with
three broad categories. Conversely, ASR mixing performed better for scenarios with ten
categories that would be more relevant in case of providing feedback on applicants’ re-
sponses. However, layer mixing did not contribute much to performance improvements
and brought considerable computational costs. Finally, for the third step with context
enlargement, coalescence improved the performance of all audio-based models, though
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context expansion proved to be the most effective, surpassing transcript-based models.

Results are further discussed in the Discussion (Chapter 4).
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4 Discussion

We live on an island surrounded by a sea of ignorance. As our
island of knowledge grows, so does the shore of our ignorance.

John Archibald Wheeler

By considering the behavioral job interview as a psychometric instrument and a social
interaction, I aimed to extend our knowledge of what constitutes an effective response,
how external factors such as the interview format and culture affect interview processes
and outcomes, and how technological advancement may help train applicants efficiently.
This thesis explored applicant narrative responses through four key dimensions: emotional
framing in narratives (Study 1), cultural influences on responses and evaluations (Study
2), the impact of interview medium on responses, evaluations, and interview validity
(Studies 2 and 3), and the use of advanced AI models to analyze response content (Study
4).

First, I explored the emotional framing of narrative responses to behavioral questions
and their effects on evaluators (Study 1). I demonstrated that emotional trajectories
within narrative responses generally included a rise in positive emotions during the re-
sponse, while negative emotions stayed consistent. Moreover, both the total amount of
emotions expressed and their progression throughout the response influenced evaluations.
While negative emotions lowered competence and performance ratings, positive emotions
had more nuanced effects: rising positive emotions positively affected evaluations of per-
suasiveness, but excessive amounts of positive emotions within the response lowered eval-
uations of engagement. This study highlights that not only does the response type (e.g.,
stories, pseudo-stories) lead to higher recruiters’ ratings (Bangerter et al., 2014), but the
response framing also contributes to these outcomes. Gaining insight into how recruiters
evaluate applicants’ responses thus requires considering applicants’ communication more
holistically.

Building on Kleinlogel et al.’s (2023) work, I then explored the effects of culture
and interview medium (avatar-based and text-based AVIs versus FTF interviews) on
applicant responses, focusing on storytelling, disfluencies, and recruiter evaluations (Study
2). Regarding the medium, I found that storytelling responses were more frequent in AVI
settings, but the number of STAR narrative elements did not differ from FTF interviews.
Also, there were more repetitions in avatar-based AVIs than in other interview settings,
but fillers did not differ across interview media. Finally, I found that evaluations of
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engagement were higher in FTF interviews, although evaluations of self-confidence did
not vary by medium. Concerning the effect of culture, it affected the production of
stories and recruiters’ evaluations but not disfluencies: Swiss participants produced more
stories, including more STAR elements, than Indian participants. Indian participants,
however, were evaluated as more motivated and self-confident. These findings underscore
the importance of considering both medium (and AVI design) and culture, as they play
a role in interview processes and outcomes.

Third, I employed an experimental design to deepen our understanding of applicants’
responses and performance in behavioral interviews across media (FTF interviews versus
text-based AVIs; Study 3). Therefore, I focused on (1) comparing response types beyond
storytelling, including pseudo-stories, decontextualized assertions such as values/opinions,
self-descriptions, and justifications, (2) comparing performance across interview formats
using BARS, and (3) evaluating the criterion validity of behavioral interviews. I evidenced
that response content was largely consistent across media, except that participants shared
more values and opinions in AVIs. In line with this, interview performance ratings did
not differ by medium. Criterion validity remained across media, showing that interview
performance in both interview formats predicted exercise performance effectively. These
results suggest that AVIs with designs similar to FTF interviews can be a fair and valid
interview method.

Finally, Mutian and I explored the feasibility of developing DL models to directly
identify the content of behavioral responses from audio recordings (Study 4). We de-
veloped a classification DL pipeline in three stages. First, we compared models based
on human-generated versus ASR-generated transcripts from audio recordings under three
label scenarios. We found that audio-based models initially underperformed compared
to transcript-based models. Second, we tried different techniques to enhance audio-based
model performance: ASR mixing was particularly effective in scenarios with many cate-
gories to predict, while providing paraverbal audio information was beneficial in scenarios
with few categories. Finally, we enlarged the context provided to the model and found
that the audio-based model performance significantly improved, particularly through ex-
pansion, surpassing transcription-based models.

Since the limitations of each study have been discussed individually in the manuscripts,
the following subchapters will first outline the main findings of this thesis and their im-
plications for job interviews. I begin with the interview processes, specifically focusing
on applicants’ storytelling responses (4.1). Next, I continue discussing the findings on
interview outcomes, that is, recruiters’ evaluations along with the criterion validity of
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behavioral interviews (4.2). I then conclude with the limitations and avenues for future
research (4.3).

4.1 Factors Influencing Applicants’ Storytelling Responses to Past-

Behavior Questions and Opportunities for Improvement

Storytelling is optimal for applicants to respond to past behavior questions (Bangerter et
al., 2014; Stevens & Kristof, 1995). On the one hand, they enable recruiters to assess their
skills based on concrete experiences (Campion et al., 1997). On the other hand, they can
lead to successful impression management: structured and credible accounts may create a
perception of competence and increase the chances of being hired (Bangerter et al., 2014;
Kessler, 2006; Stevens & Kristof, 1995). Although some criteria have been proposed to
ensure effective storytelling (e.g., consistency, Ralston et al., 2003), little is known about
how emotional framing plays a role in the effectiveness of narrative responses and in this
thesis, I addressed this gap.

Study 1 revealed that the effectiveness of a story may depend not only on its structure
and criteria like consistency but also on how it is framed. In particular, inappropriate
use of negative emotions in the narrative may suggest to recruiters a lack of ability to
handle problematic situations, leading to lower competence and performance evaluations.
Conversely, positive emotions, as they progress gradually through the narrative, can rein-
force the persuasive side of narratives by signaling a successful resolution to the situation.
These results align with literature indicating that emotional trajectories in narratives con-
tribute to audience reactions and behaviors (Alam & So, 2020; Carrera et al., 2008; Nabi,
2015; Sy et al., 2018; Wasielewski, 1985). This can be explained by the fact that emotional
trajectories facilitate narrative transport, reinforcing the emotional link between the audi-
ence and the story and thus making them more receptive to the conveyed message (Green
& Appel, 2024; Green & Brock, 2000). Assuming that narrative responses are honest and
credible accounts of the applicant’s skills (Bangerter et al., 2014), appropriate emotional
framing can amplify its persuasive effects on recruiters and their chances of being hired.
While more research is needed to identify and understand the constitutive factors in nar-
rative performance, our findings provide initial evidence to Huffcutt & Murphy’s (2023)
call for investigating the role of applicants’ communication skills in recruiters’ evaluations
and interview validity.

However, producing effective responses to past-behavior questions may depend not
only on applicants’ ability to create a well-framed narrative but also on how such be-
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havior is perceived as appropriate within a cultural context. Indeed, the strategies used
to manage impressions depend on what the culture values (Arseneault & Roulin, 2021;
Sandal et al., 2014). This could thus imply that applicants’ response content may also
differ from one culture to another.

Study 2 revealed that applicants’ cultural backgrounds indeed influenced their propen-
sity to provide storytelling responses, as well as the content of these stories. The differences
can be explained by the fact that the norms underlying social interaction differ from one
culture to another (Liu et al., 2022). These norms may shape applicants’ expectations of
the questions that will be asked and their perception of what is appropriate and optimal
to answer. For example, some cultures (e.g., Taiwan, the US) favor questions about per-
sonal values and opinions, while others do not (e.g., Belgium, Russia; Posthuma et al.,
2014). Thus, applicants from a culture that is less familiar with past-behavior questions
may be less aware that it is appropriate to answer them in narrative form. These results
highlight that the production of narrative responses is not only a reflection of individual
abilities to produce effective narratives but also of one’s culture.

Beyond the impact of culture, studies 2 and 3 explored the impact of different inter-
view formats on storytelling responses. In AVIs, applicants have to manage their responses
without real-time feedback from recruiters (Lukacik et al., 2022), which can affect their
behavior and lead to responses that differ from those in FTF. Our results concerning the
production of stories are mixed: Study 2 suggests that storytelling responses are more
frequent in AVIs than in FTFs, while Study 3 suggests no difference. However, both
studies suggest that the content of applicants’ responses is mostly comparable across dif-
ferent interview formats. I see two potential reasons for the different results regarding
the frequency of stories across interview media. First, Study 1 included a diverse sample
of Indian and Swiss participants, whereas Study 3 only involved Swiss undergraduates.
Second, Study 2 used both avatar-based and text-question AVIs, whereas Study 3 solely
used text-based AVIs. Thus, the combination of different cultures and AVI designs in
Study 2 may have led to different storytelling response frequencies in AVIs.

Interestingly, I evidenced the subtle effects of different AVI designs on applicants’
responses. Study 2 showed higher repetitions in avatar-based interviews. Given that dis-
fluencies can indicate the cognitive load of the speaker (Smith & Clark, 1993; Corley &
Stewart, 2008), this suggests that this AVI design brings an additional cognitive load: not
only do they have to manage their response, but also deal with this unusual and strange
form of interaction with an avatar (Brosy et al., 2016; Langer & König, 2018). In Study
3, responses in AVIs were 1.67 times longer and included more value- and opinion-related
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statements, in contrast to Study 2, where response lengths were comparable across me-
dia. Again, the difference in response lengths across interview media between the two
studies may stem from the AVI designs: AVIs in Study 2 had no response time limit
and no on-screen timer, but AVIs in Study 3 had a visible timer on-screen indicating a
five-minute response time limit. This on-screen timer may have encouraged participants
to fill the remaining time with additional information (Orji et al., 2024). The content
of these extended responses can be linked to narrative dynamics, where narrators want
through their narratives to perform a social action, such as accounting for their behavior
(Mandelbaum, 2013). In this way, narrators reveal the moral of the story at the end of
their narration; if the audience does not respond, the narrators will repeat or emphasize
this moral (Bavelas et al., 2000). Therefore, having a ongoing timer in an AVI could play
the role of an unresponsive audience and encourage participants to clarify their stories
by clearly articulating the moral, thereby mentioning their values and opinions at the
end of their response. As such, AVI interview designs appear to provide a framework
for applicants’ response behaviors, so that when they differ, so do responses. For exam-
ple, designs offering greater richness facilitate impression management behaviors (Rizi &
Roulin, 2024).

However, producing rich and complete stories in the stressful context of a high-stakes
interview remains a cognitive challenge for many applicants (Bangerter et al., 2014; Brosy
et al., 2020). There exist various effective training approaches to help train applicants to
storytelling responses (Lin-Stephens et al., 2022; Ralston et al., 2003; Roulin, Pham, &
Bourdage, 2023). However, these approaches have significant limitations: they are often
time-consuming and difficult to access for a wide range of applicants or they may not be
personalized. With the idea of creating online training platforms, Bangerter et al. (2023)
explored the feasibility of providing personalized feedback on the response content and
have shown that it is possible to use ML to identify stories and their narrative elements.
However, one limit of their approach is that it relies on human-generated transcripts,
which limits its integration into automated training platforms.

Study 4 explored how DL techniques may help to overcome this limitation. We
demonstrated that it is possible to automatically identify the response content directly
from audio recordings, without the need for human transcription. Furthermore, our results
have shown that DL algorithms can detect both storytelling and suboptimal responses,
such as pseudo-stories and decontextualized assertions. However, to guarantee reliable
results, it is essential to select techniques adapted to the specific task. In providing
detailed feedback on narratives, it is important to use audio enrichment techniques capable
of handling many labels. Furthermore, including a broader semantic context around
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the target proved crucial, although it adds significant computational complexity. This
complexity, which is often quadratic with the addition of contextual information, is a
major constraint for current models (Vaswani et al., 2017). These results advance the
possibility of automated coaching platforms that offer personalized feedback to applicants.
However, implementing these systems will involve addressing challenges related to model
complexity and computational costs. Therefore, Study 4 calls for more research to develop
systems for interview response coaching that are accessible to a wide range of applicants.

Our studies suggest practical implications for both applicants and organizations.
Firstly, organizations engaging in international selection need to take culture into ac-
count, both when developing interview questions and when assessing applicants, as our
results suggest differences between Indian and Swiss individuals in the way they respond
to questions. Secondly, applicants’ responses do not differ significantly from one interview
medium to another, although they do talk more about their values and opinions at the
end of their AVI responses (Orji et al., 2024). However, this may depend on how the AVIs
are configured (e.g., the time allotted for response, see 4.2). It is therefore important that
organizations carefully consider the design of their AVIs and we reinforce previous advice
to use the same interview medium (and design) for all applicants in a same selection
procedure (Langer et al., 2017; Melchers et al., 2021).

4.2 Recruiters’ Evaluations in Job Interviews: Challenges and

Perspectives for the Validity of Behavioral Interviews

Behavioral interviewing is a best practice for predicting applicant job performance. Be-
sides the psychometric advantages of this structured interview (Campion et al., 1997;
Roulin et al., 2012), it entails a social dimension, offering applicants and recruiters the
opportunity to shape each other’s impressions (Barrick et al., 2009; Bolino et al., 2008).
However, the social interaction unfolding during interviews depends highly on the context
in which they occur. Two contextual factors warrant attention due to their influence on
applicant behaviors. First, culture defines norms and expectations for social interactions
(Liu et al., 2022), leading to different ways of managing impressions (Arseneault & Roulin,
2023; Sandal et al., 2014). Second, AVIs change job interview dynamics by eliminating
real-time interactions. Thus, these two factors are likely to affect applicant behaviors and
recruiters’ evaluations.

In Study 2, I showed that recruiters’ evaluations of applicants’ self-confidence and en-
gagement varied according to applicants’ cultural background and the interview medium
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used. These results suggest that cultural norms impact how applicants express engage-
ment and demonstrate confidence. Of note, the raters of our Indian participants were
Swiss, so we cannot exclude the possibility of cultural bias in our results (Arseneault &
Roulin, 2023). Nevertheless, I have highlighted that applicants are evaluated as more
engaged in FTF interviews than in AVIs. This difference can be explained by the greater
co-presence and interactivity of FTF interviews (Basch et al., 2020). Higher interaction
could not only foster rapport-building but also enhance their engagement. These results
revealed that contextual factors, such as the interview medium and culture, influence
applicants’ behaviors and, consequently, recruiters’ evaluations. However, if applicants’
behaviors differ, it is also possible that evaluations of their performance vary, which could
affect the validity of behavioral interviews.

In Study 3, I showed that interview performance did not differ between FTF and
AVI interviews. This may be explained by the fact that, in Study 3, the content of ap-
plicants’ responses was similar between media. Our results align with those of Kleinlogel
et al. (2023), suggesting that AVIs can be a fair interview method. This may reas-
sure applicants concerned about their lower chances of performing in AVIs (Basch et al.,
2020; Kleinlogel et al., 2023). Moreover, I demonstrated that responses to past-behavior
questions, and more broadly behavioral interviews, predict applicants’ performance in an
exercise, regardless of the medium. These results therefore indicate that the benefits of
behavioral interviews in terms of criterion validity appear to extend to AVIs, confirm-
ing initial research (Liff et al., 2024). However, other AVI designs may affect applicant
performance and play a role in interview validity. In studies 2 and 3, AVI designs were
developed to be as comparable as possible with FTF interviews, which may not always be
the case in practice. For instance, participants had no preparation time nor response time
limit in Study 2, while in Study 3 they had 20 second preparation time and 5 minutes
response time limit. This differs from Australian organizations that provide on average 30
second preparation time and 2 minutes response time limit (Dunlop et al., 2022). How-
ever, designs less similar to FTF interviews could lead to different performances. Current
research shows that AVI design is indeed linked to applicant performance.

Certain AVI designs, such as preparation time or the possibility of re-recording re-
sponses, also seem to have an impact on applicants’ responses and performance. Indeed,
these possibilities enable applicants to perform better (Basch et al., 2021; Lukacik &
Bourdage, 2024; Roulin, Wong, et al., 2023). But this raises a question: does this im-
provement reflect the applicants’ competence or simply the fact that they have time to
think about what to say and how to sound better? While Lukacik and Bourdage (2024) as
well as Basch et al. (2021) found that longer preparation time favored honest IM without
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increasing deceptive IM, Roulin, Wong, et al. (2023) observed a slight reduction in honest
IM but no significant impact on deceptive IM. Regarding reregistration options, Lukacik
and Bourdage (2024) found that these options improved both honest and deceptive IM,
while Roulin, Wong, et al. (2023) reported a reduction in deceptive IM use but no signif-
icant change in honest IM. Furthermore, Orji & Bangerter (2024) tested three different
response time limits (1 min versus 3 min versus 5 min) and found that performance was
significantly better when the response time limit was three minutes.

Faced with all these design possibilities, it is now important to understand what
AVI designs lead to performance that best reflects applicants’ competence. With this in
mind, future studies should continue to explore the effects of different designs on applicant
performance and the criterion validity of interviews.

4.3 Limitations and Future Research

This thesis has some limitations and opens up several perspectives for future research.
One significant limitation is that all our studies were conducted in laboratory settings.
Although this experimental approach allowed us to rigorously control variables and ex-
amine causal relationships (Bless & Burger, 2016; Falk & Heckman, 2009), it does not
fully reflect the social dynamics of a real interview. In particular, emotional and social
stakes, such as the pressure associated with obtaining a position or power dynamics, were
absent in our studies despite the incentive for participants to invest themselves through
performance-based remuneration. Also, Study 4 relied on high-quality audio recordings,
which often exceed real-life conditions where background noise or other technical inter-
ferences may occur.

A second limitation lies in the narrow operationalization of some variables from our
studies. First, in Study 2, our exploration of cultural differences was restricted to a com-
parison between Swiss and Indian individuals. Although these groups differ on certain
cultural dimensions (see The Culture Factor Group, 2024), other cultures may differ even
more resulting in greater differences in how applicants respond and are evaluated. Conse-
quently, our results must be interpreted with caution and cannot be generalized to other
cultural contexts without further study. Second, Studies 2 and 3 mainly explored the
differences between FTF interviews and AVIs, using a fixed parameter set-up that closely
approximated that of FTF interviews. However, AVIs can vary considerably in terms of
design (preparation time, possibility of re-recording, automated assessment; Lukacik et
al., 2022). Although the examination of AVI designs was beyond the scope of this thesis,
our results may not fully generalize to all AVIs. Finally, our studies focused on the story-
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telling aspect of responses, helping us understand how responses can differ based on the
emotional tone set (Study 1), culture (Study 2), or medium (Studies 2 and 3). However,
we mainly relied on annotations from transcripted words. It is important to remember
that applicants’ responses during job interviews are inherently multimodal (except when
using written response), meaning that words go hand in hand with other behavioral cues,
such as non-verbal signals like gestures and facial expressions, as well as paraverbal ele-
ments such as intonation and pauses. These accompanying behaviors contribute to the
construction of social interactions and can significantly affect how recruiters evaluate ap-
plicants. For instance, gestures can help organize important storytelling elements and
increase clarity, making it easier for listeners to engage with the narrative (Jacobs &
Garnham, 2007; Sekine & Kita, 2017).

Building on the limitations of this thesis and its studies, future research should first
try to replicate the findings in real-life settings and across different job positions. Includ-
ing a wider range of cultures and AVI designs would also help understand how applicants’
responses may vary. Expanding the range of cultural backgrounds among study partic-
ipants could give a deeper perspective on how cultural differences influence applicants’
behaviors in job interviews. With increasing globalization, it is important to ensure that
interview methods are fair for any applicant. Further, future studies could explore how
different AVI parameters like preparation time, re-record options and response time limit
influence applicants’ storytelling responses. Enough preparation times may give appli-
cants the possibility to find the most relevant situation and organize their thoughts on
how they want to deliver their story. This may resolve the cognitive challenge associated
with providing a response shortly after the question (Brosy et al., 2016) and help them
showcase their competencies appropriately. Also, re-recording options might give them
the opportunity to re-record if they felt that their response was lacking important narra-
tive elements. Finding the optimal response time limit (not too long, not too short; Orji
& Bangerter, 2024) would give enough time for applicants to unfold the story without
risking extending their response with information such as values and opinions that could
potentially harm their performance (Orji et al., 2024). Lastly, research would benefit
from understanding more about applicants’ communication and its impact on interview
outcomes and validity, as proposed by Huffcutt and Murphy (2023). This would imply
looking into how different behaviors—like verbal, non-verbal, and paraverbal—interact to
form effective responses and how such combinations of behaviors affect evaluations.

To sum up, our studies have helped us gain an understanding of interview processes
and their outcomes in various cultural and interview settings. Moving forward, future
research should seek a more comprehensive view of how applicants respond in job inter-
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views, considering a wider range of cultures, AVI designs, across job positions and with a
more holistic approach to responses.
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Conclusion

Job interviews are inherently social interactions where recruiters and applicants meet with
a shared goal: exchange information to evaluate the potential for a lasting professional
relationship (Bauer et al., 1998; Levashina et al., 2014). Previous studies mainly focused
on psychometric aspects of job interviews (e.g., Campion et al., 1997; Huffcutt & Arthur,
1994; Hunter & Hunter, 1984; Schmidt & Hunter, 1998) and applicants’ impression man-
agement (e.g., Bolino et al., 2008, Ellis et al., 2002, Stevens & Kristof, 1995). However,
job interviews have recently changed a lot with technological advances. This thesis adds
knowledge about how storytelling responses, recruiters’ evaluations and interview validity
compare across interview settings and cultures. It also shows how AI can assist appli-
cants in this process. Still, more research is needed to understand interview processes and
outcomes across AVI designs. Advancing this knowledge will not only enrich the field of
personnel selection but also pave the way for inclusive and innovative hiring practices.
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EMOTIONAL FRAMING IN INTERVIEWS 

1 

Abstract 

Storytelling responses to past-behavior questions are effective for applicants to manage 

impressions. However, the factors contributing to highly-rated responses remain 

underexplored. This study explores how emotional framing in narrative responses influences 

recruiters’ perceptions and evaluations of applicants. Using data from mock in-person 

interviews (n = 128) that included three past-behavior questions, we extracted both positive 

and negative emotions from transcribed narrative responses and analyzed how their emotional 

trajectories affect recruiters’ perceptions of competence, performance, persuasiveness, 

engagement, and their emotional engagement with the responses. Results indicated that 

increasing positive emotions throughout the response led to higher perceptions of 

persuasiveness, while increasing negative emotions resulted in lower ratings for competence 

and performance. However, raters’ emotional engagement with the response was not predicted 

by either emotional trajectory. 

. 
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Effects of Emotional Framing in Narrative Interview Responses on Interview Outcomes 

 

Introduction 

Behavioral interviews are recommended for hiring organizations as one of the most 

valid tools to predict applicants’ future job performance (Taylor & Small, 2002). These 

interviews typically include questions about applicants’ past behaviors (e.g., “Can you describe 

a situation where you had to deal with an angry client?”). Past-behavior questions help 

recruiters assess applicants’ characteristics (Campion et al., 1997) by inviting them to describe 

past work experiences. Ideally, applicants’ responses should be stories illustrating how they 

solved a problematic situation (Bangerter et al., 2014; Brosy et al., 2020; Stevens & Kristof, 

1995). However, storytelling in such stressful situations is a challenging task (Brosy et al., 

2020). Some applicants can provide well-crafted stories, while others produce sub-optimal 

narratives describing generic situations (i.e., pseudo-stories; Bangerter et al., 2014). Hence, 

there is great variety in the production of narrative responses. 

To be effective, narrative responses should provide detailed accounts of situations and 

steps to achieve goals clearly and coherently (Kessler, 2006; Ralston et al., 2003). Narratives 

are structured by their opening (staging), progress toward the end (plot progression), and 

development of cognitive tension (Boyd et al., 2020). Still, their effectiveness may also hinge 

on the evolution of emotions they convey (i.e., emotional trajectories). Narratives can diverge 

in how positive and negative emotions are introduced and fluctuate throughout the narrative 

(Reagan et al., 2016). Indeed, a story may open with negative staging and follow a plot 

progression toward a heroic ending, while another may open with positive staging and follow 

a plot progression toward a negative ending. These different emotional trajectories may create 

different cognitive tension and will likely generate different effects on the audience. In the 

context of selection interviews, a best-rated narrative response may align plot progression and 
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cognitive tension with an emotional trajectory characterized by increasing positive and 

decreasing negative emotions. This trajectory would signal successful progress toward a goal 

by overcoming difficulties. However, little is known about how such emotional trajectories 

may manifest in narrative responses to past-behavior questions in this formalized type of 

interaction.  

Narrative responses with effective emotional framing will likely impact recruiters’ 

evaluations of applicants. First, narratives allow applicants to attribute characteristics to the 

protagonist (i.e., themselves; Silvester, 1997). As they fully engage with the problem and 

successfully navigate challenges in their narratives, recruiters may view applicants who share 

narratives as more competent and engaged in their jobs. Second, when combined with 

appropriate emotional framing, narratives can hold a greater persuasive power. Indeed, the 

trajectory of emotions within narratives influences the audience’s reactions (Del Vecchio et al., 

2021; Reagan et al., 2016) and behaviors (Alam & So, 2020; Carrera et al., 2008). 

Consequently, applicants who provide well-framed narrative responses may receive higher 

evaluations. However, applicants’ communication skills may contribute to variability in 

structured interview validity (Huffcutt & Murphy, 2023). It is thus necessary to understand to 

what extent emotional framing in narrative responses affects recruiters’ evaluation, an 

underexplored research topic. 

This study examines the trajectories of positive and negative emotions in narrative 

responses to past-behavior questions in mock behavioral interviews. We reanalyzed data from 

an experimental study in which participants completed face-to-face mock interviews that 

included past-behavior questions. Positive and negative emotion words were extracted from 

transcribed narrative responses to past-behavior questions using the Linguistic Inquiry and 

Word Count (LIWC) software (Boyd et al., 2022; Piolat et al., 2011). Narrative responses were 

also evaluated based on the video recordings for different criteria (e.g., competence, 
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performance). This approach enables us to observe how positive and negative emotional 

trajectories are articulated in interview narrative responses and investigate their impact on 

evaluations of participants’ and raters’ emotional engagement with the responses. 

This research contributes to personnel selection, both research and practice. First, it 

expands our knowledge of applicants’ narrative responses during job interviews, addressing 

two key issues. On the one hand, it clarifies what makes a narrative response effective 

(Bangerter et al., 2014). On the other hand, it explores how applicants’ communication, 

particularly their response framing, may influence recruiters’ evaluations. Therefore, it offers 

an initial answer regarding how applicants’ communication relates to variability in structured 

interview validity (Huffcutt & Murphy, 2023). Second, this research may bring attention to 

subtle sources of biases in evaluations within organizations. Understanding how response 

framing might interfere with recruiters’ evaluations may help hiring organizations adopt 

strategies to reduce bias, such as objectively focusing on described behaviors. 

Narrative Responses to Past-Behavior Questions 

Past-behavior questions prompt applicants to share experiences where they successfully 

tackled work-related challenges. They are advised to respond by describing the situation, their 

roles and actions, and the results achieved (Kessler, 2006). Recruiters then evaluate applicants’ 

competencies based on the described behaviors, assuming these behaviors are representative 

of those competencies (Janz, 1989). To reduce bias, recruiters are advised to use behaviorally 

anchored rating scales (BARS) for their evaluations (Roulin et al., 2012; Smith & Kendall, 

1963).  

To answer past-behavior questions, storytelling responses are particularly interesting for 

applicants because they help foster more vivid and memorable impressions (Stevens & Kristof, 

1995), and prove more persuasive than a simple list of facts, particularly when those facts are 

weak (Krause & Rucker, 2020). Moreover, applicants, as the central figures in their narratives, 
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can indirectly highlight their positive characteristics and values (Silvester, 1997). By 

immersing themselves and their audience in the challenges of their stories and demonstrating 

how they overcame obstacles, applicants who share their stories may be perceived as more 

competent and engaged in their work. 

Telling stories on the fly during job interviews is challenging and cognitively demanding. 

Applicants must recall a suitable past event, organize the response, and deliver it adroitly within 

a short timeframe (Brosy et al., 2020). In practice, many struggle to produce fully developed 

stories without recruiters’ assistance (Bangerter et al., 2014; Brosy et al., 2020). Instead, they 

may turn to pseudo-stories or decontextualized assertions about themselves (e.g., self-

description; Bangerter et al., 2014). Yet only narrative responses (i.e., stories and pseudo-

stories) were associated with higher hirability ratings (Bangerter et al., 2014). Still, 58.3 % of 

narrative responses reflect day-to-day typical performance rather than maximal performance, 

which can be improved by question formulations priming applicants to recall their best 

performance (Huffcutt et al., 2024). Nevertheless, we still lack a clear understanding of what 

constitutes an effective narrative response – specifically, what makes one narrative 

performance better than another and how this influences interview outcomes. 

Emotional Framing in Narratives 

Effective narrative responses may be characterized by applicants’ ability to manipulate the 

framing of their narratives effectively. Indeed, the same narrative content (what is said) can be 

presented in different ways (how it is said), thus affecting recruiters differently (Imada & 

Hakel, 1977). For instance, one applicant might recount a situation where an angry person came 

to the front office and that they found a solution that seemed to satisfy the client, while another 

better equipped for impactful communication may emphasize the severity of the initial situation 

(e.g., yelling in front of other clients) and highlight their heroic resolution (e.g., the client 

ending up effusively thanking the staff and leaving with a smile).  
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Narratives follow common structural and emotional patterns. Many narratives (e.g., fairy 

tales, film scripts, newspaper articles, TED Talks) are structured similarly: They typically open 

with an introduction of the situation (staging) followed by the development of the plot (plot 

progression) toward the narrative's resolution, while cognitive tension builds in parallel, 

reaching its peak before the story ends (Boyd et al., 2020). Narratives also share patterns in 

how emotions unfold, thus following core emotional trajectories (see Reagan et al., 2016). One 

such trajectory is the progressive rise of positive emotions, with decreasing negative emotions. 

Some emotional trajectories are linked to narrative success with the audience, though this 

success may vary across formats (e.g., written vs audio-visual narrative; Del Vecchio et al., 

2021; Reagan et al., 2016). 

Emotional trajectories contribute to shaping the audience’s reactions. For instance, in 

health communication interventions, narratives that shift from negative to positive emotions 

(or vice versa) induce more behavioral change than narratives revolving around a single 

constant emotion (Alam & So, 2020; Carrera et al., 2008; Nabi, 2015). Hence, a narrative 

showing a decrease in negative emotions alongside an increase in positive emotions is more 

likely to induce reactions in the audience than one lacking emotional shift. Similarly, in 

organizational contexts, charismatic leaders harness emotional trajectories to reinforce their 

message and create emotional shifts in the audience. By first invoking the audience’s emotions, 

then revoking, and finally reframing them (Wasielewski, 1985), they skillfully steer the 

audience toward the desired change (Sy et al., 2018).  

The persuasive power of certain emotional trajectories in narratives can facilitate the 

narrative transportation of the audience. When individuals engage with a story, they may 

become absorbed in the evocative imagery conveyed by the protagonist and transported by the 

emotions in the narrative (Winkler et al., 2022). Their attention, emotions, and imagination 

become intricately tied to the narrative, fostering an emotional connection (Green & Appel, 
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2024; Green & Brock, 2000). This process of narrative transportation lessens defensive 

information processing, making individuals more receptive to the narrative’s message (Green 

& Brock, 2000; Krause & Rucker, 2020; Van Laer et al., 2014). Emotional framing can enhance 

the emotional connection with the narratives, reinforcing audience transportation and shaping 

their reactions. As a result, positive and negative emotional trajectories within narratives may 

strengthen the narrative's persuasive power and influence the audience’s beliefs and behaviors. 

This study  

This study investigates what constitutes an effective narrative response to past-behavior 

questions in structured interviews through the lens of emotional framing. Since narratives all 

share one of the core emotional trajectories (Del Vecchio et al., 2021; Reagan et al., 2016), 

which can influence the audience's reactions and behaviors (Alam & So, 2020; Carrera et al., 

2008; Sy et al., 2018), applicants’ narrative responses should also incorporate emotional 

trajectories likely to affect recruiters’ evaluations. Moreover, some applicants may adjust their 

narrative responses using efficient emotional framing to enhance their persuasive effect by 

anticipating what will resonate most. When framed effectively, these emotional trajectories 

may enhance the response's impact and thus positively affect recruiters’ evaluations of their 

performance and engagement. In particular, best-rated narrative responses would structure their 

emotional trajectories to suggest successful progress toward a goal by overcoming difficulties. 

Such framing would correspond to an emotional trajectory of increasing positive and 

decreasing negative emotions. To our knowledge, there has been no research on the emotional 

trajectories involved in narrative responses to past-behavior questions, nor how these might 

impact recruiters’ evaluations of applicants or their emotional engagement with the responses. 

Therefore, we ask how positive and negative emotions fluctuate over the course of narrative 

responses to past-behavior questions (Research Question 1; RQ1) and how positive and 
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negative emotional trajectories within narrative responses affect recruiters’ evaluations and 

emotional engagement with the response (Research Question 2; RQ2). 

The present study used part of Germanier et al.’s (2024) data. In their experiment, 

participants completed a work sample (i.e., delivering bad news) and a mock interview one 

week later in the face-to-face condition with a mock recruiter or in the asynchronous video 

interview condition, videorecording their responses through the computer. Those interviews 

included three past-behavior questions, with the last question focusing on the previous week’s 

work sample. For this study, we focused on face-to-face interviews only due to fundamental 

differences between the two interview settings, preventing us from comparisons. In traditional 

interview settings, the recruiter plays a crucial role in co-creating applicants’ narratives by 

providing real-time feedback and using backchannels (Mandelbaum, 2013). However, this co-

creation is absent in asynchronous video interviews, where applicants must respond using their 

computer without the benefit of live interaction (Lukacik et al., 2022). Comparing narrative 

responses from these two interview settings would lead to skewed interpretations, as one 

involves co-constructed narratives and the other does not. Moreover, asynchronous video 

interview responses differ significantly from those in face-to-face settings, both in content and 

structure (Germanier et al., 2024; Orji et al., 2024). 

To address RQ1 and RQ2, we use the video recordings of the responses to measure raters’ 

evaluations and emotional engagement and the transcribed narrative responses to measure 

positive and negative emotions. To observe the emotional progression over the course of a 

narrative response, we divided each response into five equal parts based on the number of 

words (i.e., quintiles), following Boyd et al.’s (2020) method. This segmentation allows us to 

compare the proportions of positive and negative emotions across responses while controlling 

for variation in the length of responses. At the same time, it offers a reasonable trade-off 

between short interview narrative responses and the observation of progression throughout the 
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response. Interview narrative responses are shorter than traditional written narratives that 

typically contain a much greater number of words. Dividing interview narrative responses into 

smaller segments might result in segments with too few words for meaningful analysis. In each 

quintile narrative response, we measured positive and negative emotions, extracting the 

percentage of words with positive and negative emotional valence using LIWC (Boyd et al., 

2022; Piolat et al., 2011). This approach helps us observe the tendency for positive and negative 

emotional trajectories in narrative responses and examine their effect on the rater’s evaluations 

of performance, engagement, persuasiveness, and the rater’s emotional engagement. We also 

examine their impact on competence as measured by BARS, which is regarded as a more 

objective measure focusing on observable behaviors by anchoring evaluations in specific 

examples of behavior thus more robust to biases  (Roulin et al., 2012; Smith & Kendall, 1963). 

As such, we can compare the effect of emotional response framing on “objective” versus more 

general “subjective” measures. 

Method 

Sample  

Participants were recruited through a pool of participants from a Swiss university’s online 

recruitment system. A hundred twenty-eight French-speaking students completed a face-to-

face mock interview (59.38% female, Mage = 21.61, SD = 2.90). At the time of the experiment, 

52.34% of the participants had completed a high school degree, 34.38% had obtained their 

bachelor’s degree, 12.5% held a master’s degree, and one participant reported having another 

type of degree. On average, participants had past 1.90 experiences of job interviews (SD = 

2.75), and 78.91% had previous work experience.  

Since we want to explore emotional trajectory in narrative responses, we excluded four 

responses (from four participants) that contained no narrative utterance. Plus, we lack one 
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participant’s response because of recording failure (final N = 123 participants, one of which 

provided three responses, and 5 who provided two responses only).  

Procedure 

Participants read and signed a consent form about one week before the mock interview (at 

the beginning of the work sample session; see Germanier et al., 2024). When participants 

arrived at the lab for the face-to-face mock interview, the experimenter briefly informed them 

about the job interview for a manager position in a company selling computers. The recruiter 

was played by an I/O psychology graduate student trained to follow the job interview script. 

The recruiter welcomed the participant and invited them to sit at the table, thanked them for 

coming to the interview, explained the interview procedure, and asked them four questions. 

After the interview, participants filled out the Honest Interview Impression Management 

questionnaire (Bourdage et al., 2018; data not reported here).  

The first question served as a warm-up question inviting participants to present 

themselves. The three other questions were past behavior questions targeting managerial 

competencies: multitasking (“Can you describe a situation where you were responsible for 

completing several tasks in a short time?”), team management (“Can you describe a situation 

where one of your colleagues did not complete the tasks requested within the time limit? How 

did you deal with this situation?”) and delivering bad news (“Can you tell us about a recent 

situation in which you had to give bad news to someone?”). All participants answered the 

warm-up questions first and ended the interview with the bad news delivery questions, and the 

order of the multitasking and team management questions were counterbalanced. Throughout 

the interview, the recruiter could produce backchannels (e.g., “mhm”) or use words like 

“indeed” to show active listening.  
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Participants were audio and video recorded during the interview with a microphone and 

front and side cameras. The job interviews were transcribed word for word based on the audio 

recordings.  

Measures 

Competence 

Competence was assessed by two trained psychology undergraduates based on side video 

recordings of responses to past-behavior questions using self-developed BARS with definitions 

and examples of behaviors (Smith & Kendall, 1963). For each response, the raters separately 

watched the video recording and evaluated the response from 1 (=not at all competent) to 5 

(=fully competent). We averaged the two raters' scores to get a single measure for each question. 

Interrater reliability was computed as the correlation between both ratings of responses (r = 

.83, p < .001). 

Performance 

Performance was assessed by one trained psychology undergraduate based on side video 

recordings of responses to past-behavior questions. For each response, the rater coded for 

perceived competence (i.e., the extent to which participants looked competent), clarity (i.e., the 

extent to which the answer was clear), and relevance (i.e., the extent to which the answer was 

relevant to the question), on scales from 1 (=poor) to 5 (=excellent). To get a single measure of 

performance for each participant’s response, we averaged the three scores (α = .91). Interrater 

reliability was established using a second independent rater double-coding 24 interviews (r = 

.85, p < .001). 

Engagement 

Engagement was assessed by one trained psychology undergraduate based on side video 

recordings of responses to past-behavior questions. For each response, the rater evaluated the 

extent to which the participant looked motivated on a scale from 1 (=poor) to 5 (=excellent). 
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Interrater reliability was established using a second independent rater double-coding 24 

interviews (r = .82, p < .001). 

Persuasiveness 

Persuasiveness was assessed by one trained psychology undergraduate based on side video 

recordings of responses to past-behavior questions. For each response, the rater evaluated the 

extent to which the participant was persuasive on a scale from 1 (=poor) to 5 (=excellent). 

Interrater reliability was established using a second independent rater double-coding 24 

interviews (r = .81, p < .001). 

Rater’s Emotional Engagement 

The rater’s emotional engagement was assessed by one trained psychology undergraduate 

based on side video recordings of responses to past-behavior questions. For each response, the 

rater evaluated to which extent they felt emotionally engaged while listening to a response on 

a scale from 1 (=not at all) to 5 (=completely). Interrater reliability was established using a 

second independent rater, double-coding 24 interviews (r = .88, p < .001). 

Positive and Negative Emotions 

The emotion extraction from the participants' responses to past behavior questions was 

done in three steps. First, we cleaned the transcribed narrative responses to past-behavior 

questions by removing filler words (e.g., “um”, “huh”) and annotations into brackets (e.g., 

laughter, coughing). Second, we divided each response into quintiles (i.e., five equal text sizes 

in the number of words; Boyd et al., 2022). Third, we extracted the percentage of positive and 

negative emotion words for each quintile using the 2022 LIWC software (Boyd et al., 2022) 

with the 2011 LIWC French dictionary (Piolat et al., 2011).  

To assess the positive and negative emotional trajectories for each narrative response, we 

conducted an OLS regression using the quintile as the predictor for the percentage of words 

expressing positive emotions. This procedure was also applied to negative emotions. We then 



EMOTIONAL FRAMING IN INTERVIEWS  

 
 

13 

used the slopes for positive and negative emotions derived from the model to operationalize 

the emotional trajectories in each narrative response.  

When inspecting the slopes, we noticed that four responses had zero slopes for both 

emotions, indicating that there were no emotional words in these narrative responses. Since we 

are interested in the trajectories of emotions and their effects, we excluded those four responses 

from the present analyses. Thus, we have N = 121 participants with three narrative responses, 

N = 5 participants with two narrative responses, and N = 2 participants with one narrative 

response.  

Data Analyses 

Our data involves participants responding to the same three interview questions, each with 

different content. The past-behavior questions elicited narratives of emotionally loaded 

situations that differed (e.g., multitasking versus delivering bad news). Therefore, we employ 

analytical methods that account for random effects arising from individual and question-related 

differences. These approaches enable us to consider all narrative responses rather than just the 

means by the participants and to capture both within-person and between-person variability. 

We provide between-subject and within-subject correlations for the study’s main variables. 

To answer RQ1 (description of positive and negative emotional trajectories throughout the 

response), we provide repeated measures correlations that adjust for inter-individual variability, 

thus removing the measured variance between participants (Bakdash & Marusich, 2017). 

To address RQ2 (the effect of positive and negative emotional trajectories on evaluations), 

we use linear mixed-effect models with the crossed random effects of individuals and the 

questions (Baayen et al., 2008). In building our models, we model the fixed effects of the 

positive and negative emotional trajectories (Slope Positive Emotions, Slope Negative 

Emotions, Slope Positive Emotions X Slope Negative Emotions; fixed effects). We also 

controlled for the total amount of positive emotions (i.e., Sum Positive Emotions) and negative 
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emotions (Sum Negative Emotions; fixed effects). As for the random effects, we started with 

the maximal random effect structure required by the design (Barr et al., 2013) with random 

intercepts and slopes for participants and questions. However, that level of random structure 

was too complex for the model to provide estimates and failed to converge. Therefore, we 

finally include random intercepts for participants and questions only. All continuous 

independent variables were centered at their grand mean. 

Results 

The means and standard deviations of study variables by question are presented in Table 

1. The between-subject and within-subject correlations for the main study variables are 

presented in Table 2. The analyses used R 4.4.1 (R Core Team, 2024) and the following R 

packages: tidyverse (Wickham et al., 2019) for data manipulation and visualization, psych 

(Revelle, 2024) for computation of between-subject and within-subject correlations, rmcorr 

(Bakdash & Marusich, 2024) for computation of repeated-measures correlations, and lme4 

(Bates et al., 2014) for mixed linear models with crossed random effects.  

 

Table 1 
Descriptive Statistics of Study Variables by Question 

 Multitasking  Team  
Management 

 Delivering  
Bad News  

  n M SD   n M SD   n M SD 

Competence 123 2.73 1.11  124 2.63 1.18  125 3.02 1.05 

Performance 116 2.80 0.79  117 3.05 0.85  118 3.81 0.70 

Engagement 116 3.41 0.78  117 3.44 0.85  118 3.64 0.77 

Persuasiveness 116 2.90 0.81  117 2.99 0.86  118 3.03 0.77 

Rater's Emotional Engagement 116 1.28 0.57  117 1.34 0.60  118 2.11 0.85 

Sum Positive Emotions 124 15.68 8.75  125 14.57 8.23  126 17.44 7.46 

Sum Negative Emotions 124 6.60 5.51  125 7.96 5.96  126 12.30 7.50 

Slope Positive Emotions 124 0.57 0.94  125 0.44 1.19  126 0.52 1.02 

Slope Negative Emotions 124 0.01 0.62   125 0.08 0.65   126 -0.11 0.73 
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Emotional Trajectories in Narrative Responses 

To investigate the emotional trajectories in narrative responses (RQ1), we computed 

repeated measures correlations between quintiles and emotions to test whether their trajectories 

differ from zero slopes. On average, there was a significant correlation between the quintile 

and positive emotions (rrm = .22, p < .001). But there was no significant correlation between 

the quintile and negative emotions (rrm = -.01, p = .700), indicating that, on average, the 

negative emotional trajectory remains relatively flat throughout the narrative responses (see 

Figure 1).  

 

Figure 1 
Positive and Negative Emotional Trajectories Throughout Narrative Responses 

Note. N = 375 narrative responses nested in 128 participants. Error bars indicate ± 1 SE. 
 

Effect of Emotional Trajectories on Rater’s Evaluations 

To investigate the effect of positive and negative emotional trajectories within narrative 

responses on the rater’s evaluations and emotional engagement with the response, we computed 

six linear mixed-effect regressions (one for each dependent variable; see Table 3).  
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For competence, the fixed effects accounted for 4.2% of the variance, while the combined 

fixed and random effects explained 23%. Results showed a small but significant fixed effect 

related to the sum of negative emotions (B = -0.02, SE = 0.01, t = -2.36, p = .038). This suggests 

that higher levels of overall negative emotions in responses were associated with decreased 

competence. In addition, there was a main effect of the slopes of negative emotions (B = -0.18, 

SE = 0.09, t = -2.12, p = .035), highlighting that increasing negative emotions over the course 

of the response was associated with lower competence. However, there were no main effects 

of the sum of positive emotions and the slope for positive emotions. There was no interaction 

effect of the slopes of positive and negative emotions. Regarding the random effects, the 

variance for individuals was 0.20 (SD = 0.45 ), and for questions 0.05 (SD = 0.21), the residual 

variance was 1.01 (SD = 1.01). 

For perceived performance, the fixed effects accounted for 1.3% of the variance, while the 

combined fixed and random effects explained 62.6%. Results showed a main effect of the slope 

of negative emotions (B = -0.12, SE = 0.06, t = -2.24, p = .025): Increasing negative emotions 

throughout the narrative response lowered evaluations of perceived performance. However, 

there were no main effects of the sum of positive emotions, the sum of negative emotions, and 

the slope for positive emotion. There was no interaction effect of the slopes of positive and 

negative emotions. Regarding the random effects, the variance for participants was 0.27 (SD = 

0.52), and for questions 0.28 (SD = 0.53), suggesting considerable variation explained by the 

individuals and the questions. The residual variance was 0.33 (SD = 0.58). 

For perceived engagement, the fixed effects accounted for 0.6% of the variance, while the 

combined fixed and random effects explained 86.4%. Results showed a small but significant 

main effect of the sum of positive emotions (B = -0.01, SE = 0.00, t = -2.59, p = .010): The 

more positive emotions present in the overall narrative response, the less engagement was 

perceived. However, there were no main effect for the sum of negative emotions, both slopes 
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for positive and negative emotions, and no interaction effect between the slopes for positive 

and negative emotions. Regarding the random effects, the variance for participants was 0.54 

(SD = 0.73), and for questions 0.02 (SD = 0.14), suggesting considerable variation explained 

by the individuals. The residual variance was 0.08 (SD = 0.30). 

For persuasiveness, the fixed effects accounted for 0.9% of the variance, while the 

combined fixed and random effects explained 82.2%. Results showed a small but significant 

main effect of the slope for positive emotions (B = 0.05, SE = 0.02, t = 2.26, p = .025): 

Increasing positive emotions throughout the narrative response increased evaluations of 

persuasiveness. However, there were no main effects for the sum of positive emotions, the sum 

of negative emotions, or the slope for negative emotions. There was no interaction effect 

between the slopes for positive and negative emotions. Regarding the random effects, the 

variance for participants was 0.54 (SD = 0.73), and for questions 0.00 (SD = 0.06), suggesting 

considerable variation explained by the individuals. The residual variance was 0.12 (SD = 

0.34). 

For rater’s emotional engagement with the response, the fixed effects accounted for 1% of 

the variance, while the combined fixed and random effects explained 56.8%. Results showed 

no main effects for the sum of positive emotions, the sum of negative emotions, or both slopes 

for positive and negative emotions. There was no interaction effect between the slopes for 

positive and negative emotions. Regarding the random effects, the variance for participants 

was 0.18 (SD = 0.42), and for questions 0.19 (SD = 0.43), suggesting considerable variation 

explained by the individuals and the questions. The residual variance was 0.29 (SD = 0.54). 
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Discussion 

Because narratives typically follow emotional trajectories that shape the audience 

reactions (Del Vecchio et al., 2021; Reagan et al., 2016; Alam & So, 2020; Carrera et al., 2008; 

Sy et al., 2018), applicants may also emotionally frame their narrative responses to past-

behavior questions, ultimately influencing recruiters’ evaluations. This study examined 

emotional framing in narrative responses to past behavior questions to understand how 

emotional content unfolds in narratives and how it impacts recruiters’ evaluations. 

Regarding the trajectories of positive and negative emotions in narrative responses (RQ1), 

on average, positive emotions increased significantly throughout the response, while negative 

emotions did not. As past-behavior questions naturally invite applicants to describe an initially 

negative situation they are expected to resolve, an uptick in positive emotional elements would 

demonstrate a good resolution. Our findings show that participants, in extenso applicants, are 

well aware of the emotional trajectory that showcases their competence to recruiters. When it 

comes to negative emotions, their flat trajectory may suggest a reluctance to verbally express 

negative emotional elements during the interview, perhaps to avoid appearing incompetent. 

Furthermore, negative emotions may be expressed preferably through channels other than 

words. They might instead manifest themselves in para-verbal (e.g., sighing) or non-verbal 

(e.g., frowning, smirking) behaviors (App et al., 2011; Simon-Thomas et al., 2009), which were 

not considered in our operationalization of emotions. 

Regarding the effect of emotions and their emotional trajectories in narrative responses on 

recruiters’ evaluations (RQ2), our results revealed that competence – assessed with BARS, 

decreases when negative emotional content in the overall response is high, and the negative 

emotions increase throughout the response. Similarly, the performance – assessed on a 5-point 

scale (1 = not at all, 5 = completely), decreases when negative emotions increase throughout 

the response. These findings show that negative emotional content in narrative responses can 
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impact perceptions of competence and performance. Furthermore, they suggest that this effect 

applies to different evaluation approaches, both an objective approach (i.e., BARS) and a more 

subjective and general approach (i.e., a 5-point scale capturing overall impressions). 

Nevertheless, the impact of negative emotions on competence measured with BARS, typically 

used as a measure robust to bias (Smith & Kendall, 1963), can be interpreted in two ways. One 

possibility is that BARS might not fully resist subtle emotional response framing, as responses 

with increasing negative elements toward the end of the narrative are rated lower, potentially 

because of the emotional framing itself rather than the actual competence. Alternatively, it may 

indicate that competent applicants naturally resolve the situations they describe, leading to 

fewer negative elements in their narratives by the end. To clarify this, future research should 

compare emotionally framed responses against those that are emotionally neutral.   

Regarding other evaluations, engagement was slightly lower when the total positive 

emotional content in the response was high. However, when positive emotions increased 

throughout the response, participants were seen as giving more convincing answers. This dual 

observation evidence two aspects of positive emotions: on the one hand, higher overall positive 

emotional content in the narrative may suggest that the situation is perceived as globally 

positive, not requiring the applicant’s active involvement in the situation. This could lead 

recruiters to perceive less engagement. On the other hand, a progressive increase in positive 

emotions throughout the response may signal that the applicant is overcoming difficulties and 

thus progressing towards a successful resolution of the situation.  

Despite research suggesting that emotional trajectories in narratives would reinforce 

narrative transportation, the raters’ emotional engagement with the narrative response was not 

affected by the positive or negative emotions within the overall responses nor their trajectories. 

One possible explanation lies in the format of the narrative. Previous research that found 

greater transportation in the audience in the presence of emotional shifts in narratives used 
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written narratives only, where emotional framing is saturated solely in words (Alam & So, 

2020; Carrera et al., 2008). In contrast, this study’s rater had access to video-recorded narrative 

responses, integrating verbal, paraverbal, and non-verbal behaviors. Therefore, the rater 

assessed their emotional engagement using a multimodal narrative response. The 

multimodality of oral narrative response in our study may have attenuated the effect of 

emotional trajectories on raters’ emotional engagement since positive and negative emotions 

and their trajectories were operationalized solely based on words.  

Implications 

Our findings contribute to both research and practice. This research provides evidence that how 

a response is told affects recruiters’ perceptions and evaluations. Specifically, recruiters’ 

evaluations, even those grounded in more objective criteria, may be influenced by how 

applicants framed their responses. First, research should investigate how applicants’ 

communication skills affect interview outcomes, aligning with Huffcutt & Murphy’s (2023) 

call for more research. If communication is not a key competency targeted for the job position, 

interview outcomes may fail to accurately reflect applicants’ actual characteristics, thereby 

contributing to the recently observed high variability in interview validity (Huffcutt & Murphy, 

2023; Sacket et al., 2022). Second, hiring organizations should make their recruiter aware of 

such potential bias. Furthermore, they should adopt a structured approach for assessing 

responses to guarantee greater objectivity. For example, organizations could consider relying 

on more than one recruiter’s evaluation to mitigate irrelevant inferences and biases in 

evaluations (see Campion et al., 1997).  

Limitations and Future Research 

Our study has several limitations that should be addressed in future research to investigate 

emotional framing in job interviews further. One limitation concerns the sample used in this 

study. We used narrative responses collected as part of an experiment in which participants 
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answered past-behavior questions in a lab setting. Their responses may not reflect those of 

applicants involved in real, high-stakes interviews, although participants were incentivized to 

perform through progressive performance-based remuneration. This could limit the 

generalizability of our results. Therefore, future studies should replicate our findings with a 

more diverse sample and across job positions.  

A second limitation of our study is that we used the emotional valences of words within 

narrative responses. However, emotions are multimodal; they manifest in non-verbal (e.g., 

facial expressions, gestures) and para-verbal (e.g., intonations, pitch) behaviors that can vary 

to indicate emotions and intensities (App et al., 2011; Simon-Thomas et al., 2009). Future 

research should investigate the role of emotional framing in responses by adopting a 

multimodal analysis of emotion and considering non-linear relationships. One promising 

avenue would be to use artificial intelligence to detect verbal, non-verbal, and para-verbal 

emotional behaviors in applicants' responses that affect recruiters' evaluations. For instance, a 

system may be developed to process video recordings of applicants’ responses while having 

access to recruiters’ evaluations. Using different algorithms, such a system could identify 

patterns in verbal (e.g., words), non-verbal (e.g., facial expressions), and paraverbal (e.g., 

pitch) behaviors that contribute to higher evaluations. This approach would help identify 

emotional behaviors and quantify their effect on evaluations.  

Conclusion 

Emotional trajectories within narratives shape audience reactions, yet this raises the question 

of how emotional framing of narrative responses in job interviews influences recruiters’ 

evaluations of applicants’ competence, performance, persuasiveness, engagement, and their 

emotional engagement with the response. Our findings reveal that positive and negative 

emotional trajectories impact some of these evaluations. Because very little research exists on 

applicants’ communication skills and their effect on recruiters’ evaluation, future research 
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should continue to explore this by adopting a multimodal approach and investigating how this 

relates to interview validity.  
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Abstract  

Asynchronous Video Interviews (AVIs) introduce new challenges for applicants and 

recruiters because of the lack of real-time interaction, for instance using past-behavior 

questions inviting applicants to recount work-related situations. This experiment (n = 299) 

investigated the impact of interview medium (face-to-face (FTF) interviews vs. AVIs with 

avatar questions (AQ) vs. AVIs with written questions (WQ)) and culture (Swiss vs. Indian) 

on applicant responses (storytelling, disfluencies) and raters’ evaluations (applicant perceived 

engagement and perceived self-confidence) in mock behavioral interviews. Participants’ 

speech fluency was comparable across cultures, with minor differences across interview 

media. AQ and WQ interviews featured more storytelling responses than FTF interviews and 

Swiss participants produced more storytelling than Indian participants. Raters' evaluations 

varied by interview medium and culture. 

 

Keywords: Asynchronous video interview; past-behavior question; culture differences; 

applicant behaviors; storytelling.  
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Practitioners’ Points: 

• Applicants tend to prefer face-to-face (FTF) interviews over Asynchronous Video 

Interviews (AVIs). 

• Culture influences applicants’ and recruiters’ expectations of appropriate behaviors.  

• Applicant speech fluency and raters’ evaluation of applicants perceived self-confidence 

is similar across the interview media. 

• AVIs with written questions and AVIs with avatar questions are comparable in terms of 

applicant responses and raters’ evaluation.  

• Culture influences applicant storytelling and how raters perceive applicants’ 

engagement and self-confidence. 
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Effects of Interview Medium and Culture on Applicant Storytelling, Disfluencies and 

Evaluations in Behavioral Interviews 

Introduction 

Behavioral interviewing is a best practice in personnel selection (Campion et al., 1997). 

This type of structured interview is characterized by situational and past-behavior questions 

(Motowidlo, 1999). Past-behavior questions invite applicants to describe their actions in a past 

work-related situation for recruiters to assess their mastery of competencies (Janz, 1982). 

Applicants should tell a story explaining how they faced and resolved a problematic situation 

while portraying themselves advantageously (Bangerter et al., 2014; Stevens & Kristof, 1995). 

Increasingly, selection interviews, including behavioral ones, are computer-mediated. 

An example is Asynchronous Video Interviews (AVIs), where applicants record themselves 

answering questions on an online platform, without interacting with a recruiter (Basch et al., 

2020; Lukacik et al., 2022). The growing use of AVIs, exemplified by HireVue surpassing 33 

million worldwide interviews in 2022 (Hirevue, 2022), outpaces current understanding of their 

effects on the interview process. Research has reported more negative applicant attitudes 

towards AVIs compared to face-to-face (FTF) interviews. Applicants perceive less chance to 

perform well in AVIs and report lower performance in AVIs compared to FTF interviews 

(Basch et al., 2020; Kleinlogel et al., 2023). Nevertheless, applicants' performance in FTF 

interviews may be similar to AVIs when they have no preparation time and are evaluated via 

videotaped assessments (Kleinlogel et al., 2023). Yet, our understanding of AVIs remains 

limited. Considering the lack of recruiter presence and the variety of possible designs (Lukacik 

et al., 2022), little is known about applicant responses in AVIs (vs. FTF interviews), 

particularly concerning storytelling and speech fluency. Furthermore, the increasing use of 

AVIs across the globe highlights a research gap concerning cross-cultural differences in 

applicant responses and evaluations across various cultures and interview media. Since culture 
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underlies social norms and rules (Liu et al., 2022), applicant responses may differ across 

cultures. Also, recruiters may be biased in their evaluation of applicants from different cultures 

(Arseneault & Roulin, 2023). 

In this article, we seek to gain insights into the impact of two AVI designs, specifically 

those featuring avatar questions (AQ) and written questions (WQ), on applicant responses and 

recruiters’ evaluations in behavioral interviews compared to FTF interviews. Additionally, we 

aim to better understand how culture affects both applicants and recruiters across interview 

media. This study employs a between-subjects design to compare FTF interviews with AQ and 

WQ interviews (using data from Kleinlogel et al., 2023), investigating applicant responses and 

recruiters’ evaluations, along with cross-cultural differences. 

This research fills a gap in our understanding of how the interview medium can 

influence applicant responses and recruiters’ evaluations. It also has important practical 

implications for organizations considering using, or already engaged in AVIs. Comparing AQ 

and WQ to FTF interviews might help making informed decisions when designing selection 

interviews. Furthermore, understanding cross-cultural differences can contribute to the 

development of more inclusive and fairer selection interviews that consider cultural diversity. 

Behavioral Interviews  

Behavioral interviews are one type of structured interviews that involve questions about 

past work situations (e.g., “Tell me about a situation where you had to deal with an angry 

client”; Roulin et al., 2012). Responses to past-behavior questions are valid predictors of job 

performance (Day & Carroll, 2003; Hartwell et al., 2019). Their predictive validity is based on 

the assumption that past job performance predicts future job performance (Janz, 1982). By 

inviting applicants to talk about how they behaved in a past work-related situation, recruiters 

can assess applicants’ competencies (Levashina et al., 2014; Motowidlo, 1999; Roulin et al., 

2012).  
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To answer past-behavior questions, applicants should tell a story. This entails 

describing a past work-related situation and the actions undertaken to solve it (Ralston et al., 

2003). To provide complete stories, applicants should ideally follow the STAR model, 

describing the initial Situation, their Tasks, the Actions they performed, and the Results 

obtained (Kessler, 2006). Applicants responding to past-behavior questions with stories are 

perceived as more hirable. Nonetheless, they often fail to produce stories, mostly resorting to 

generic descriptions of past situations or statements about their values or personal opinions 

(Bangerter et al., 2014). When they do produce stories, they focus on describing situations 

instead of their actions and the results obtained (Bangerter et al., 2014).  

Beyond content, storytelling performance also matters. Fluent speech conveys a 

positive impression of being more confident, competent, assertive, credible, and convincing 

(Burgoon et al., 1990; Leigh & Summers, 2002). In the question-answer dynamic of selection 

interviews, applicants should initiate answers rapidly after the recruiter’s question (Brosy et 

al., 2016). However, they might need to delay their answer to prepare it, organize the next part 

of their speech or to repair an utterance when a problem (e.g., syntactic, lexical, or 

phonological; Brennan, 2000) is detected. But disfluent speech (Fox Tree, 1995) creates a 

negative impression of being hesitant and unconfident (Brennan & Williams, 1995; Corley & 

Stewart, 2008), thus negatively affecting recruiter evaluations (Brosy et al., 2016).  

Along with speech fluency, recruiters’ overall impressions of applicant behaviors also 

affect evaluations. As recruiters evaluate applicant responses, they infer characteristics like 

personality traits and social skills (DeGroot & Gooty, 2009; Frauendorfer & Schmid Mast, 

2015; Huffcutt et al., 2001; Mino, 1996). Recruiters evaluate applicants more positively when 

they appear more confident and motivated (Gifford et al., 1985; Tessler & Sushelsky, 1978). 

In contrast, recruiters rate applicants lower if they exhibit signs of anxiety, perceiving them as 

less assertive and less interpersonally warm (Feiler & Powell, 2016; Finnerty et al., 2016; Vijay 
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et al., 2021). Yet, most studies have focused on applicant responses and recruiter evaluations 

in FTF interview settings (Bangerter et al., 2014; Brosy et al., 2016; DeGroot & Motowidlo, 

1999; Forbes & Jackson, 1980; Imada & Hakel, 1977; Nguyen & Gatica-Perez, 2015; Parsons 

& Liden, 1984) and we currently lack understanding about the content of applicant responses 

and how they impact recruiter evaluations in AVIs. 

Asynchronous Video Interviews 

Technology-mediated interviews can be divided into two categories: synchronous (e.g., 

telephone, videoconference) and asynchronous (e.g., AVIs). The key distinction between these 

categories is whether a recruiter is present during the interview or not. In synchronous 

interviews, applicants remotely engage in real-time interaction with recruiters whereas they are 

deprived of it in AVIs (Lukacik et al., 2022). Instead, they record their responses to pre-

determined questions on a platform, either asked by an avatar (avatar questions, AQ) or via 

written questions (WQ) displayed on-screen, and their answers are evaluated later (Lukacik et 

al., 2022). While AVIs offer flexibility in time and location (Basch & Melchers, 2019), 

applicants perceive lower chance of performing in comparison to other interview media, which 

can lead to lower self-rated performance (Basch et al., 2020; Kleinlogel et al., 2023; Langer et 

al., 2017). But Kleinlogel et al. (2023) found that despite applicant lower self-rated 

performance, their other-rated performance in AVIs was similar to FTF interviews when 

consistent rating procedures were applied across both interview media and when preparation 

time was removed in AVIs. 

Applicant perceptions of poor performance in AVI settings may be explained by the 

four media attributes from Potosky’s (2008) framework (see Kleinlogel et al., 2023). First, 

interactivity (i.e., the rate of turn exchange between interlocutors) is inexistent due to the lack 

of recruiters’ presence. Second, social bandwidth (i.e., the number of verbal and nonverbal cues 

conveyed by the medium) is limited not only for applicants because of computer-based 
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constraints, but also for recruiters who cannot transmit any cues themselves (Daft & Lengel, 

1986; Potosky, 2008; Van Iddekinge et al., 2006). Third, the transparency of the medium (i.e., 

the extent to which interlocutors are not aware of the medium while interacting) is reduced 

because applicants are reminded that the computer is an obstacle between themselves and 

recruiters. Fourth, the sense of surveillance (i.e., whether a third party can enter or monitor the 

conversation), is higher because there is little assurance of videorecording confidentiality.  

Due to the lack of two-way interaction in AVIs, differences in applicant storytelling 

responses to past-behavior questions are likely to emerge compared to FTF interviews. It is 

plausible that applicant may tell more detailed stories in AVIs, as they might find it easier to 

provide extended answers, unless their response time is severely restricted. This differs from 

FTF interviews, where effective organization of speech turns and management of speaking 

time can be more challenging (Brosy et al., 2016). Alternatively, applicants might share fewer 

stories since storytelling is an interactive process that involves at least one engaged listener 

(Mandelbaum, 2013), and distracted listeners are detrimental to storytelling quality (Bavelas 

et al., 2000). Given these potential differences in storytelling behaviors between AVIs and FTF 

interviews, an examination of how various AVI designs affect storytelling responses as 

compared to traditional FTF interviews is warranted: 

Research Question 1. What effect does the interview medium have on interviewees’ 

storytelling responses to past-behavior questions? 

The absence of a recruiter also raises questions about applicants’ speech fluency. In 

AVIs, applicants are deprived of recruiters’ real-time feedback and nonverbal cues typically 

available in FTF interviews. They thus have to monitor their responses without the immediate 

benefit of external validation or correction. In addition, they must strive to maintain a natural 

flow of speech. This new challenge necessitates an investigation into how different AVI 
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designs, as compared to FTF interviews, affect interviewees' disfluencies in response to both 

past-behavior questions and other question types: 

Research Question 2. What effect does the interview medium have on interviewees’ 

disfluencies in behavioral interviews? 

The constraints of a medium can also influence how recruiters assess applicant 

engagement and self-confidence. Limited social bandwidth and absence of direct interaction 

hinder applicants from using gestures or immediacy behaviors such as eye contact, smiling and 

managing interpersonal distance (Imada & Hakel, 1977). These behaviors positively impact 

recruiters' evaluation of interviewee self-confidence and motivation in FTF interviews (Gifford 

et al., 1985; Tessler & Sushelsky, 1978). Since recruiters cannot observe these cues in AVIs, 

their evaluations may differ from those in FTF interviews. While initial research indicates that 

applicants are perceived as less stressed in AQ and WQ than in FTF interviews (Kleinlogel et 

al., 2023), there remains a gap in our understanding of how recruiters assess applicant 

engagement and self-confidence across different AVI designs in comparison to FTF interviews: 

Research Question 3. What effect does the interview medium have on raters’ 

evaluations of interviewees? 

Cultural Differences in Selection Interviews 

Culture is a set of attitudes, values and beliefs that influence one’s behaviors and 

expectations (Manroop et al., 2013). According to Hofstede (1984, 2010), a country’s culture 

can be understood through six dimensions: 1) power distance (i.e., how members of a culture 

deal with social inequality), 2) individualism (i.e., how members of a culture relate to the 

community), 3) uncertainty avoidance (i.e., how members of a culture avoid uncertainty), 4) 

masculinity (i.e., whether the goals shared by members of a culture are masculine with work 

as a central aspect), 5) long-term orientation (i.e., how members of a culture are committed to 

past traditions) and 6) indulgence (i.e., how members of a culture tolerate human natural drives; 
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Triandis, 1982). Cultural dimensions underlying social norms and rules shape the verbal and 

nonverbal behaviors of its members (Liu et al., 2022).  

In selection interviews, culture influences the representation of appropriate behaviors 

and strategies for positive image creation. Depending on the culture, applicants showing signs 

of excitement during interviews are more or less appreciated by recruiters than calmer 

applicants (Bencharit et al., 2019). Also, applicant strategies to build a positive image of 

themselves vary across cultures (Arseneault & Roulin, 2021; Sandal et al., 2014). For example, 

applicants from performance-oriented cultures are more likely to promote themselves than 

applicants from cultures that value performance less (Sandal et al., 2014). While storytelling is 

considered a good way to create a positive impression (Stevens & Kristof, 1995), it is unclear 

how storytelling is used in response to past-behavior questions across cultures. In addition, 

culture also influences individual speech fluency. Some cultures are more prone to consider 

fast talk with short speaking turns and pauses as positive in general (Stenström, 2011), but 

cultural differences in tolerance of speech disfluencies in selection interviews are unexplored. 

In this light, there is a need to investigate applicant responses across cultures. 

Considering cultural differences across interview media, questions also arise about how 

the interview medium impacts applicant responses and recruiters’ evaluations across cultures. 

For example, AVIs’ limited social bandwidth may challenge applicants from cultures 

accustomed to expansive hand gestures (Kita, 2009) because they cannot employ these gestures 

in AVIs as they would in FTF interviews. Moreover, cultural attitudes towards technology may 

also play a role. Cultures that are more open to technology adoption (Jan et al., 2022) may have 

applicants and recruiters who are more familiar with computer-mediated interaction. This 

familiarity may result in different responses and evaluations in AVIs when compared to 

applicants from cultures that are less technology friendly. Furthermore, cultural differences 

between recruiters and applicants may affect recruiters’ evaluations. Notably, greater cultural 
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similarity leads to better recruiters’ evaluations of interview performance (Arseneault & 

Roulin, 2023). However, it is worth noting that Kleinlogel et al. (2023), with Swiss raters, 

found no difference in perceived stress and performance among applicants from two different 

cultures (i.e., Indian and Swiss applicants). Despite initial research (Arseneault & Roulin, 2023; 

Kleinlogel et al., 2023), there is still a lack of understanding of differences in applicant 

responses and evaluations across various cultures and interview media: 

Research Question 4. What effect does culture have on interviewees’ responses and 

raters’ evaluations of interviewees across interview media? 

To answer our research questions, we used data from an experiment originally 

conducted by Kleinlogel et al. (2023). In the current study, their data were transcribed and 

coded for interviewees’ storytelling, disfluencies, as well as rated for interviewee perceived 

engagement and self-confidence. 

Method 

Participants 

The sample consisted of 299 male students (Mage = 22.18, SD = 3.07), split between 

Swiss nationality (49.5%) and Indian nationality (50.5%). In terms of their educational 

background, 40.8% were in Bachelor's programs, 54.9% were in Master's programs and 2% 

pursued other studies (e.g., PhD). Compensation varied between data location: Swiss 

participants (N = 148) were paid CHF 15 (about USD 16.50), while Indian participants (N = 

151) were paid RS 50 (about USD 0.60). These incentives matched the minimum wage in 

participants' countries. 

Procedure 

Overview  

The study consisted in one session lasting about 30 minutes held in a lab. Participants 

were randomly assigned to one of the three conditions (interview medium: FTF vs. AQ vs. 
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WQ). First, they read and signed a consent form. Then, they participated in a mock job 

interview according to the condition they were assigned to. The job interview stage comprised 

three steps: (a) participants indicated the job position for which they would like to apply for, 

(b) they were instructed to behave, during the job interview, as if they were applying for the 

selected job position, and (c) they performed the job interview for around 10 minutes. 

Participants were video recorded during the job interview using one camera to obtain a frontal 

view recording.  

Job Interview Content 

The job interview comprised five questions, among which the first three questions were 

the same for all participants. The first question asked participants to introduce themselves and 

describe their current situation. The second and third questions were past behavior questions 

(i.e., “describe a situation in which you had to manage several tasks or projects at the same 

time and how you handled this situation” and “give an example of a situation in which you 

took the initiative to get things done and in which you were successful”). The fourth and fifth 

questions, randomly selected from a pool of 20 questions, were more general typical job 

interview questions that varied across participants (e.g., questions about personality, why they 

should be hired). 

Job Interview Conditions  

In the FTF condition, the experimenter asked participants to sit at a table and wait for 

the “recruiter” (another experimenter) to join them, and then left the room. The recruiter started 

the interview by asking the first question. Each time the applicant replied, the recruiter 

answered, “Thank you for your answer.” and moved to the next question. If the participant did 

not answer at all, the recruiter said “Ok, I will ask you the next question.” Recruiters were 

trained to follow the same script of interview questions to ensure high standardization. Also, 

to look as natural as possible, recruiters were allowed some backchanneling (mainly head 
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nodding), to take notes during the interview, and to reply concisely if participants asked 

questions.  

In both AQ and the WQ conditions, the experimenter opened a software interface 

developed for the study. Participants in the AQ condition interacted with an avatar that had the 

same appearance and voice as the country-specific FTF recruiters who asked the interview 

questions. Participants in the WQ condition saw the interview questions in a written format 

only. In both conditions, participants were required to answer each question without any prior 

preparation time or time limitations for their responses, and they could proceed to the next 

question by clicking the 'next' button. 

Measures 

Storytelling  

For each participants’ answer to a past-behavior question, four aspects of storytelling 

were coded before being averaged across questions. If participants told more than one story in 

their answer, coding was only performed on the first story mentioned. Two Swiss independent 

coders were involved in these measures so that one coder was responsible for the Swiss data 

and the other for the Indian data. To assess reliability, we initially selected 40 videos for the 

Swiss data and 40 for the Indian data. Due to some videos being unreadable, reliability was 

established on double-coding of 34 Swiss videos and 39 Indian videos with a second coder. 

Stories. This was coded as “1” when participant’s answer featured a story and coded 

as “0” otherwise. The interrater reliability for the stories was rCH = .60 and rIND = .93 (p < .01). 

STAR Situation. We coded references to five situational elements: “when” (temporal 

markers), “where” (spatial markers), “actor 1” and “actor 2” (who was involved, i.e., 

collaborators or the employer), and finally “problem” (what hinders or causes the action). Each 

situational element was coded as “1” if they occurred once or more and coded as “0” otherwise. 

The STAR Situation score was then computed as the sum of all situational elements, ranging 
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thus from 0 (= no element mentioned) to 5 (= all elements were mentioned). The interrater 

reliability for the STAR Situation was rCH = .61 and rIND = .98 (p < .01). 

STAR Task-Action. We coded references to four task-action related elements: “what” 

(the task, what was expected), “what for” (the action, what was done/planned linked to the 

objectives, the work done, and the efforts provided), “planification/organization” (presence of 

conjugated verbs referring to planning, coordination, or communication), and “how” (presence 

of conjugated action verbs). Each task-action element was coded as “1” if they occurred once 

or more and coded as “0” otherwise. The STAR Task-Action score was then computed as the 

total sum of all task-action elements, ranging thus from 0 (= no element mentioned) to 4 (= all 

elements were mentioned). The interrater reliability for the STAR Task-Action was rCH = .55 

and rIND = .95 (p < .01). 

STAR Result. We coded references to four result-related elements: “general success” 

(indication of success/failure), “specific success” (indication of means to measure 

success/failure), “effectiveness” (indication of agreement with/between actors, evolution of the 

problem, or potential improvement), “impression of others” (reactions of others to the story). 

Each result element was coded as “1” if they occurred once or more and coded as “0” otherwise. 

The STAR Result score was then computed as the total sum of result elements, ranging thus 0 

(= no element mentioned) to 4 (= all result elements were mentioned). The interrater reliability 

for the STAR Result was: rCH = .64 and rIND = .94 (p < .01). 

Disfluencies  

For each participants’ answer to the five selection interview questions, we measured 

two kinds of disfluencies: fillers (i.e., uh or um) and repetitions (i.e., repetitions of words or 

part of sentences, when participants interrupted an utterance and then partially or completely 

repeated them). These measures were first assessed for each interview question separately and 

then summed to calculate the total number of fillers and repetitions per interview. We then 
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computed rates of occurrence of filler words and repetitions per hundred words produced by 

the participants when answering questions. One person coded both measures for the Swiss and 

Indian participants. Reliability was established by double-coding 20 transcribed interviews for 

the Swiss data and 20 for the Indian data with a second coder. The interrater reliability for 

fillers was rCH =.99 and rIND = .99 (p < .01) and for repetitions rCH = .99 and rIND = .99 (p < 

.01). 

Raters’ Evaluations of Participants 

For each participants’ answer to the five selection interview questions (i.e., both 

behavioral questions and others), perceived engagement and perceived self-confidence were 

coded before being averaged across questions. Two Swiss independent raters were involved in 

these measures so that one rater was responsible for the Swiss data and the other for the Indian 

data. Reliability was established by double-coding 30 videos for the Swiss data and 30 for the 

Indian data with a second rater. 

Perceived Engagement. We coded for perceived engagement using one item. The two 

Swiss raters evaluated from 1 (= not at all) to 5 (= totally) to what extent the participant 

appeared engaged while responding to the question. The raters evaluated perceived 

engagement from 1 (= not at all) to 5 (= totally). The interrater reliability for perceived 

engagement was rCH = .92, and rIND = .78 (p < .01). 

Perceived Self-Confidence. We coded for perceived self-confidence using one item. 

The two Swiss raters evaluated from 1 (= not at all) to 5 (= totally) to what extent the participant 

appeared confident during the selection interview. The interrater reliability for perceived self-

confidence was rCH = .75 and rIND = .78 (p < .01).  

Results 

Due to the unavailability of some data (e.g., unreadable videos), a sample of N = 289 

was available for analyses. Descriptive statistics for dependent variables by condition and by 
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culture are presented in Table 1. Descriptive statistics and correlations for the main variables 

are presented in Table 2.  

Table 1. 

Descriptive Statistics of Dependent Variables per Interview Medium and Culture. 
  Interview Medium Culture 

 FTF  AQ  WQ  Swiss  Indian  
  n M SD n M SD n M SD n M SD n M SD 
Stories 96 0.77 0.32 98 0.88 0.26 95 0.86 0.30 141 0.88 0.27 148 0.80 0.31 

STAR Situation 96 2.05 1.12 98 2.21 0.97 95 2.30 1.17 141 2.58 0.91 148 1.81 1.11 

STAR Task-Action 96 1.97 0.99 98 1.89 0.91 95 2.09 0.98 141 2.44 0.75 148 1.55 0.94 

STAR Result 96 0.74 0.90 98 0.77 0.66 95 1.01 0.84 141 0.95 0.84 148 0.73 0.77 

Fillers 96 2.60 1.83 98 2.69 1.82 95 2.74 1.97 141 2.62 1.78 148 2.72 1.95 

Repetitions  96 2.36 1.32 98 2.90 1.34 95 2.44 1.35 141 2.58 1.47 148 2.57 1.24 
Perceived  
Engagement 96 3.42 1.08 98 3.10 1.12 95 3.24 1.12 141 2.43 0.84 148 4.03 0.69 

Perceived  
Self-Confidence 96 3.36 0.85 98 3.44 0.67 95 3.53 0.69 141 3.09 0.55 148 3.78 0.74 

Notes. FTF = face-to-face interviews; AQ = AVIs with avatar questions; WQ = AVIs with 
written questions; STAR = Situation-Task-Action-Result. 
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Effect of Interview Medium and Culture on Storytelling (STAR) 

To investigate the effect of interview medium and culture on participants production of 

stories, we conducted a three-way loglinear analysis to assess the relationships between these 

variables, including their main and interaction effects. We used backwards elimination with a 

significance of p < .05 to identify which terms would be included in the final model. The 

analysis indicated no highest-order interaction (i.e., interview medium x culture x stories; χ2(4) 

= 4.65, p = .36) but significant two-way interactions (i.e., interview medium x stories, culture 

x stories; χ2(12) = 28.24, p < .01). Overall, the final model including the two interactions fitted 

the data well, χ2(6) = 5.78, p =.45.  

To understand the respective effects of the interview medium and culture on participants’ 

productions of stories in more detail, we computed cross tabulations and two chi-square tests 

(Field, 2013). See Table 3. The first chi-square test revealed a significant relationship between 

interview medium and the frequency of interviewees’ production of stories, χ2(4) = 15.42, p < 

.01. Regarding the effect of the interview medium, 7.3% of interviewees in the FTF condition 

produced no stories in response to both past-behavior questions, 32.3% produced one 

storytelling response, whereas 60.4% produced stories in response to both past-behavior 

questions. In the AQ condition, 4.1% of interviewees produced no stories in response to both 

past-behavior questions, 15.3% produced one storytelling response, whereas 80.6% produced 

stories in response to both past-behavior questions. In the WQ condition, 7.4% of interviewees 

produced no stories in response to both past-behavior questions, 12.6% produced one 

storytelling response, whereas 80% produced stories in response to both past-behavior 

questions. This suggests that storytelling responses to both past-behavior questions were more 

frequent in both AQ and WQ interviews than in FTF interviews.  
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The second chi-square test revealed a significant relationship between culture and the 

frequency of participants’ production of stories, χ2(2) = 7.37, p = .03. Among Swiss 

interviewees, 5% produced no stories to both past-behavior questions, whereas 14.2% 

produced one storytelling response, and 80.8% produced stories for both past-behavior 

questions. Among Indian interviewees, 7.4% produced no stories to both past-behavior 

questions, whereas 25.7% produced one storytelling response, and 66.9% produced stories for 

both past-behavior questions. These observations indicate that storytelling responses to both 

past-behavior questions were more frequent among Swiss interviewees than their Indian 

counterparts. 

Table 3. 

Contingency Table for Stories by Interview Medium and Culture. 

    Stories in the two past-behavior questions   

    
No storytelling 

responses 
1 storytelling 

response 
2 storytelling 

responses   
Interview 
Medium Culture n  % n  % n  % Total 

count 
FTF Swiss 4 8.3% 13 27.1% 31 64.6% 48 

 Indian 3 6.3% 18 37.5% 27 56.2% 48 
         

AQ Swiss 2 4.1% 3 6.1% 44 89.8% 49 
 Indian 2 4.1% 12 24.5% 35 71.4% 49 
         

WQ Swiss 1 2.3% 4 9.1% 39 88.6% 44 
  Indian 6 11.8% 8 15.7% 37 72.5% 51 
Notes. FTF = face-to-face interviews; AQ = AVIs with avatar questions; WQ = AVIs with 
written questions. 

To investigate participants’ production of STAR narrative elements, we first checked 

whether there were effects of the interview medium and culture on interviewees’ response 

length. The two-way ANOVA indicated a main effect of culture, F(1,283) = 9.37, p < .01, η2 

= .03, so that Indian interviewees provided longer answer than Swiss interviewees (p < .01). 

But there was neither an effect of the interview medium, F(2, 283) = 1.07, p = .35, η2 =.01, nor 
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an interaction effect, F(2, 283) = 2.55, p = .08, η2 =.02 on interviewees’ response length. 

Therefore, to investigate effects of the interview medium and culture on interviewees’ 

production of STAR narrative elements, we conducted three two-way 3 (Interview Medium) x 

2 (Culture) ANOVAs, using word count of participants’ responses as a covariate to control for 

verbosity. 

Results showed no main effect of the interview medium on the production of STAR 

Situation, F(2, 282) = 1.47 , p = .23, η2 = .01, on STAR Task-Action: F(2, 282) = .94, p = .39, 

η2 = .01, or on STAR Result, F(2, 282) = 2.67, p = .07, η2 = .02. 

Results indicated a main effect of culture on all STAR elements (STAR Situation: F(1, 

282) = 81.07, p < .01, η2 = .22; STAR Task-Action: F(1, 282) = 153.33, p < .01, η2 = .35; 

STAR Result: F(1, 282) = 21.12, p < .01, η2 = .07). Pairwise comparisons showed that Swiss 

interviewees mentioned more of all STAR elements compared to their Indian counterparts (ps 

< .01). 

There was a significant interaction effect of the interview medium with culture on 

STAR Situation, F(2, 282) = 3.84, p = .02, η2 = .03, and on STAR Result, F(2, 282) = 3.54, p 

=.03, η2 = .02, but no significant interaction effect on STAR Task-Action, F(2, 282) = .89, p = 

.41, η2 = .01. Concerning STAR Situation, pairwise comparisons showed that Swiss 

interviewees mentioned more situational elements in the AQ (p = .05) and WQ (p < .01) 

conditions than in the FTF condition. However, there was no difference between AQ and WQ 

conditions for Swiss interviewees (p = .27). No significant differences were observed across 

conditions for Indian interviewees (ps > .37). As for STAR Result, pairwise comparisons 

indicated that Swiss interviewees mentioned more result-related element in the WQ condition 

than in the AQ (p < .01) and FTF (p < .01) conditions. But there was no significant difference 

between FTF and AQ condition for Swiss interviewees (p = .45). Again, no significant 

differences were found across conditions for Indian interviewees (ps > .78). See Figure 1.  
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Figure 1. 

Effect of Interview Medium and Culture on STAR Narrative Elements. 

 
Note. Estimated means based on the Two-Way ANOVA results testing for the effect of 
interview medium and culture on STAR elements. FTF = face-to-face interviews; AQ = AVIs 
with avatar questions; WQ = AVIs with written questions. 
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repetition in AQ condition than in FTF (p < .01) and WQ (p = .02) conditions. But there was 

no difference between FTF and WQ conditions (p = .65). 

There was no main effect of culture on either fillers, F(1, 283) = .17, p = .68, η2 = .00, 

or repetitions, F(1, 283) = .00, p = .98, η2 = .00, and no interaction effect on either of the 

dependent variables (fillers: F(2,283) = 1.76, p = .17, η2 = .01; repetitions: F(2,283) = 1.70 , p 

= .19, η2 = .01). See Figure 2. 

Figure 2 

Effect of Interview Medium and Culture on Disfluencies. 

 
Notes. Estimated means based on the Two-Way ANOVA results testing for the effect of 
interview medium and culture on evaluations of participants. FTF = face-to-face interviews; 
AQ = AVIs with avatar questions; WQ = AVIs with written questions. 
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Results also indicated a main effect of culture on perceived engagement, F(1,283) = 

323.36, p < .01, η2 = .53, and perceived self-confidence, F(1,283) = 79.36, p < .01, η2 = .22. 

Indian participants were perceived as more engaged (p < .01) and self-confident (p < .01) than 

Swiss participants.  

Finally, there was no significant interview medium x culture interaction for perceived 

engagement, F(2,283) = .86, p = .42 , η2 = .01, or perceived self-confidence, F(2,283) = 2.07, 

p = .13 , η2 = .01. See Figure 3. 

Figure 3. 

Effect of Interview Medium and Culture on Evaluations of Participants. 

 
Notes. Estimated means based on the Two-Way ANOVA results testing for the effect of 
interview medium and culture on evaluations of participants. FTF = face-to-face interviews; 
AQ = AVIs with avatar questions; WQ = AVIs with written questions. 
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FTF interviews across cultures (Kleinlogel et al., 2023). Still, we currently know little about 

specific comparisons of different AVI designs with FTF interviews. The present research had 

four objectives: To investigate the effect of interview medium on (1) applicant storytelling 

responses to past-behavior questions and (2) disfluencies in behavioral interviews; their effect 

on (3) raters’ evaluations of applicants’ perceived engagement and self-confidence; and (4) 

cross-cultural differences in those variables.  

Considering the impact of interview medium on storytelling, results indicated that 

interviewees consistently produced more stories in AVIs (both with avatar-based and written 

questions) than in FTF interviews. But the medium did not affect the quantity of narrative 

elements (STAR) provided when controlling for interviewees’ verbosity (which was higher in 

Indian participants). These results may be because AVIs are less rich, and interviewees have 

no access to cues from recruiters (except for cues like the time available to respond). Therefore, 

they may be less hesitant to delay the initiation of their response while searching for a suitable 

episode to narrate, contrary to FTF interviews where applicants are under time pressure to 

initiate their response (Brosy et al., 2016) because of the recruiter sitting opposite them. Also, 

applicants in AVIs with WQ may benefit from the question being displayed on-screen to guide 

their answer. Interestingly, Swiss interviewees mentioned more situational elements in their 

answers to AVIs with WQ than in FTF interviews, and more result-related elements in AVIs 

with WQ compared to both FTF interviews and avatar-based AVIs. Interviewees may have felt 

that situation and result-related elements were more necessary to contextualize their stories by 

establishing common ground (Clark, 1996) in the interview medium where another human was 

not present (vs. in the FTF interviews conducted by humans). 

Regarding the effect of culture on storytelling across interview media, Swiss 

interviewees produced storytelling responses more often than Indian interviewees. 

Furthermore, we observed cultural differences in the mention of STAR elements, thus 
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indicating differences in how narrative responses are constructed across cultures. These 

differences may stem from cross-cultural variations of social norms (Liu et al., 2022). 

Interviewees' expectations and perceptions of job interview questions can also differ depending 

on their cultural norms. Indeed, typical job interview questions vary across different cultures. 

Some cultures (e.g., Taiwan) ask more commonly questions about personal values, opinions 

and beliefs than others (e.g., Russia) (Posthuma et al., 2014). In this way, Indian interviewees 

may have been less familiar with past-behavior questions, and thus less aware of the 

appropriateness of producing stories in response to such questions. 

Regarding the impact of interview medium and culture on interviewees' disfluencies in 

behavioral interviews, repetitions were higher in AQ interviews compared to FTF and WQ 

interviews, but they did not differ across cultures. Additionally, there were no differences in 

interviewees’ use of fillers between FTF, AQ and WQ interviews, nor between cultures. Brosy 

et al. (2016) suggested that applicants’ disfluencies may stem from the choice between delaying 

their responses to offer a higher-quality answer or responding quickly with a less relevant one, 

rather than keeping recruiters waiting. However, subsequent research (Brosy et al., 2020) 

indicated that disfluencies in responses are not solely attributable to the two-way interaction, 

but are most likely influenced by the challenges applicants encounter in finding an appropriate 

answer. Our study provided additional evidence that disfluencies may result from the search 

for a perfect answer rather than the interaction with the recruiter (Brosy et al., 2020). Also, the 

higher repetition rate in AQ interviews may reflect the unfamiliar nature of the avatar-based 

interactions. Interviewees may perceive this type of interview creepy (Langer & König, 2018), 

potentially impacting their speech fluency. Moreover, our results suggest that disfluent speech 

due to the search for the perfect answer is a challenge for applicants in both cultures, even 

though representations of appropriate behaviors may vary across cultures (Liu et al., 2022). 
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In examining the effects of the interview medium and culture on raters’ evaluations, we 

found that interviewees were perceived as more engaged in FTF interviews compared to AVIs, 

with no differences between AVIs with AQ and WQ. A possible explanation stems from the 

greater co-presence and interactivity inherent to FTF interviews (Basch et al., 2020). This 

dynamic interaction may not only foster rapport-building, but also enhance overall 

engagement. Furthermore, our results suggest that applicants from different cultural 

backgrounds may be assessed differently: Indian interviewees were perceived as more engaged 

and self-confident than their Swiss counterparts. Nevertheless, Kleinlogel et al. (2023) found 

that Swiss and Indian participants were rated similarly in terms of perceived performance and 

stress. Also, it is important to note that in this study, the raters evaluating self-confidence and 

engagement of Indian participants were Swiss. We thus cannot exclude the possibility of 

cultural biases (Arseneault & Roulin, 2023). 

Practical Implications 

The findings have practical implications for job applicants and hiring organizations. 

First, they underscore the importance of considering the interview medium and its effect on 

applicants. They particularly reinforce prior advice (Langer et al., 2017; Melchers et al., 2021) 

to use the same interview medium across all applicants within the same selection process. 

Second, organizations may not necessarily need to invest in costly developments of avatar-

based AVIs since they were associated with results similar to (cheaper) AVIs with written 

questions displayed on-screen in terms of applicant responses or performance (Kleinlogel et 

al., 2023) and raters’ evaluations. This is particularly important because avatar-based AVIs 

could constitute a yet unfamiliar format, and therefore be perceived as creepier by applicants 

(Langer & König, 2018). Lastly, organizations engaging in international recruitment and 

selection should consider culture both when designing interview questions and evaluating 

applicants. This is crucial because variations in applicants’ responses may not only be due to 
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individual differences, but also to cultural differences. For example, while past-behavior 

questions are a best practice, we should consider that cultural differences can sometimes hinder 

applicants in producing stories and thus responding appropriately.  

Limitations and Future Research 

The present study has limitations that future research should consider. The first 

limitation concerns the sample of male participants aged 18 to 49. Results may not generalize 

to females or to individuals above 50 who might respond differently to technology.  

A second limitation pertains to the fact that data were collected through mock job 

interviews in lab experiments. Results may not generalize in a straightforward manner to high-

stakes selection interviews, despite our efforts to replicate real-world conditions (e.g., let 

interviewees select a job relevant to them). Nonetheless, conducting this study in a lab setting 

provided rigorous control and thus stronger causal evidence. 

Furthermore, the observation of cross-cultural differences in applicant responses to 

past-behavior questions is specific to Swiss and Indian applicants. Also, reliability for 

interviewees’ storytelling was lower for the Swiss data than for the Indian data. Additionally, 

the raters responsible for evaluating Indian participants' perceived engagement and self-

confidence were of Swiss origin, which may have introduced cultural bias. Therefore, findings 

should be interpreted with caution and cannot be generalized to other cultural contexts. 

Nonetheless, the identified cultural distinctions shed light on potential differences in behavioral 

selection interviews across various cultures. These limitations underscore the need for future 

research with more diverse and representative samples, conducted in real-world settings, and 

involving broader cultural comparisons to enhance the robustness and applicability of the 

findings. 
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Conclusion 

The present study contributes to understanding similarities and differences between 

AVIs and traditional in-person interviews. Through a systematic examination of applicant 

responses in behavioral in FTF interviews and different AVI settings and across culture, we 

found that applicants’ speech fluency is comparable between interview media and different 

cultures. However, we observed different patterns of storytelling and raters’ evaluation across 

interview media and cultures.   
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Abstract 

Past-behavior questions are valid predictors of job performance and have high criterion validity 

in face-to-face (FTF) interviews. However, their criterion validity in asynchronous video 

interviews (AVIs) is under-researched. Our experiment investigated the effect of interview 

medium (FTF versus AVI) on participants’ responses to past-behavior questions, interview 

performance, and the criterion validity of past-behavior questions. Participants (n = 229) 

completed a standardized work sample as a measure of exercise performance followed by a 

mock interview in an AVI or FTF setting, in which one past-behavior question targeted that 

work sample. Participants’ responses and interview performance were similar across interview 

media, but they described more values and opinions in AVIs. Participants’ overall interview 

performance in AVIs and FTF settings were valid predictors of exercise performance, and their 

performance at the past-behavior question targeting the work sample also. 

 

Keywords: Asynchronous video interview, past-behavior questions, storytelling, 

performance, criterion validity. 
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Responses to Past-Behavior Questions in Face-to-Face and Asynchronous Video 

Interviews: Storytelling, Interview Performance and Criterion Validity 

 

Introduction 

Behavioral questions constitute a best practice in job interviews. According to a recent 

survey, 75% of recruiters assess applicants’ characteristics using behavioral questions 

(LinkedIn, 2019), often focusing on applicants’ past behaviors (Janz, 1989). Past-behavior 

questions (e.g., “Can you describe a situation where you had to deal with a conflict in your 

team?”) invite applicants to recount their actions in past work-related situations. Recruiters use 

their answers to assess applicants’ mastery of competencies or other personal characteristics 

(Roulin et al., 2012; Turner, 2004). Past-behavior questions constitute invitations to applicants 

to produce a story (Bangerter et al., 2014; Brosy et al., 2020; Ralston et al., 2003; Stevens & 

Kristof, 1995). These questions are valid predictors of job performance (Huffcutt et al., 2004; 

Janz, 1989). However, their construct validity is low (Van Iddekinge et al., 2004): It remains 

unclear whether they target the specific competencies they are supposed to measure or other 

characteristics such as communication skills (Burroughs & White, 1996). 

Job interviews are undergoing technological innovations, evidenced by the rising 

popularity of computer-mediated interviews such as asynchronous video interviews (AVIs; 

Ciphr, 2023). In AVIs, applicants connect to a web-based platform where they answer 

questions written on-screen or asked by an avatar and record their responses using their 

computer webcam (Lukacik et al., 2022). While AVIs bring important advantages (e.g., 

scalability, scheduling flexibility), they fundamentally alter the classical interview dynamics 

between applicants and recruiters (Basch et al., 2020). In the absence of real-time interactions 

with recruiters, applicants’ responses to past-behavior questions and performance in AVIs may 
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differ from FTF interviews. There is very little research addressing this issue. In an initial study, 

interview performance was similar between the two interview media (Kleinlogel et al., 2023). 

Moreover, potential differences in response content across media may jeopardize the criterion 

validity of past-behavior questions for predicting job performance. A recent study found that 

past-behavior questions in AVIs have high criterion validity (Liff et al., 2024). However, the 

job performance measure was based on supervisors’ and customers’ evaluations that may hold 

biases. Moreover, it is unknown whether the criterion validity of past-behavior questions in 

AVIs is comparable to FTF interviews. More data is needed to gain a comprehensive 

understanding of these issues.  

This experimental study compares applicants’ responses to past-behavior questions, 

interview performance, and criterion validity of past-behavior questions in AVIs and FTF 

interviews. Participants completed a standardized work sample (role-play), from which we 

derive a measure of the exercise performance. A week later, they completed either an AVI or 

a FTF interview featuring past-behavior questions, including one question targeting the work 

sample. This study design allows (1) analyzing participants’ response types (e.g., 

storytelling), (2) evaluating their interview performance using behaviorally-anchored rating 

scales (BARS) and (3) assessing the link between interview and exercise performance at the 

work sample (i.e., criterion validity) in both media.  

This study fills several gaps for both research and practice. It complements initial 

research about criterion validity of past-behavior questions in AVIs (Liff et al., 2024) by 

comparing it to FTF interviews and using a work sample as a measure of exercise performance. 

Furthermore, it offers a detailed comprehension of applicants’ response content across FTF 

interviews and AVIs. The study also provides further evidence on applicants’ interview 

performance across interview media (Kleinlogel et al., 2023). From a practical perspective, our 

findings may help recruiters use past-behavior questions effectively in various interview 
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contexts. Moreover, insights into how applicants respond to past-behavior questions in AVIs 

enable organizations to design interviews to ensure that applicants can perform at their best.  

Past-Behavior Questions  

Past-behavior questions constitute a best practice for assessing applicant characteristics 

and predicting future workplace performance (Campion et al., 1997). They aim to elicit 

accounts of applicants’ behaviors in a past work-related situation, under the premise that those 

behaviors are likely to be the same in the future, and thus predictive of future job performance 

(Janz, 1989). To evaluate applicants’ responses, recruiters are recommended to use 

behaviorally anchored rating scales (BARS) to mitigate bias (Smith & Kendall, 1963). Past-

behavior questions have high criterion validity (e.g., Motowidlo et al., 1992; Huffcutt et al., 

2004; Taylor & Small, 2010; Hartwell et al., 2019). However, the constructs measured by past-

behavior questions remain unclear. While one study reports a strong convergent correlation 

between recruiters’ and job supervisors’ evaluations (Motowidlo et al., 1992), others suggest 

lower construct validity. This means that interview ratings might not capture the constructs that 

are targeted, but rather more general characteristics (Van Iddekinge et al., 2004) like job 

knowledge, past experiences, communication skills, or general mental aptitude (e.g., 

Borroughs & White, 1996; Conway & Peneno, 1999; Salgado & Moscoso, 2002; Huffcutt & 

Murphy, 2023). 

Besides psychometric issues, how applicants respond to past-behavior questions 

remains poorly understood. Optimal responses involve describing a specific problematic work-

related situation, one’s actions in the situation and how these led to a resolution of the problem 

(Ralston et al., 2003; Stevens & Kristof, 1995). Applicants should thus engage in storytelling 

with the help of recruiters playing the role of active listeners (Bavelas et al., 2000; 

Mandelbaum, 2013). Advice literature suggests applicants should structure their stories using 

the STAR method, that is, describe the initial situation (S), their tasks (T) and actions (A), and 
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obtained results (R) (Kessler, 2006). Applicants who produce storytelling responses tend to 

receive better hiring recommendations (Bangerter et al., 2014), perhaps because their responses 

create more distinctive and therefore more memorable impressions (Stevens & Kristof, 1995).  

However, applicants may have difficulties in effectively generating compelling stories 

on the spot (Bangerter et al., 2014). They may struggle to recall an appropriate past situation, 

organize their thoughts, and deliver a coherent answer rapidly after the recruiters’ question 

(Brosy et al., 2016; Brosy et al., 2020). Thus, they may retrieve instances of typical, rather than 

maximal performance, from memory (Huffcutt et al., 2024). Those episodes may be recounted 

as generic descriptions of typical situations (i.e., pseudo-stories). If pressed for time to respond, 

they may resort to decontextualized assertions such as self-descriptions (I am someone who 

likes a job well-done) and expressions of their values and opinions (I think it’s important to be 

fair in all situations) (Bangerter et al., 2014). Further, when applicants do engage in 

storytelling, they tend to focus on describing the initial situation rather than detailing their 

actions and results (Bangerter et al., 2014). However, recruiters can play an important role in 

optimizing question phrasing to prime applicants to recount their best performances (Huffcutt 

et al., 2024), and in facilitating more complete storytelling by using probe questions (Brosy et 

al., 2020).  

Responding to Past-Behavior Questions in AVIs 

Research on the validity of past-behavior questions and on applicants’ responses and 

performance has predominantly focused on FTF interview settings. Yet, the emergence of 

computer-mediated job interviews may transform the dynamics of information exchange 

between recruiters and applicants. Recruiters can now resort to traditional in-person interviews 

or opt for an AVI via online platforms. In recent years, AVIs have gained interest within 

organizations due to their cost efficiency and flexibility (Mejia & Torres, 2018).  
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However, the absence of recruiters in AVIs deprives applicants of the naturally 

occurring conversational feedback that helps them gauge and adapt their responses on the fly. 

This feedback is crucial for storytelling. In traditional interaction settings, the audience co-

creates the narration by continuously producing signals (e.g., backchannels) that help the 

narrator progress in the story (Mandelbaum, 2013). The audience thus actively contributes to 

the quality of storytelling. Indeed, experimental studies show that narrators tell their stories 

less effectively when audiences are distracted and unable to provide feedback (Bavelas et al., 

2000). In AVIs, applicants’ storytelling responses may be affected by recruiters’ absence, thus 

differing from FTF interviews. Also, recruiters’ absence may be even more impactful because 

they play an important role in probing applicants’ responses (Brosy et al., 2020). How 

applicants’ storytelling responses and other response types (e.g., pseudo-stories, 

decontextualized assertions) in AVIs compare to FTF interviews is unknown. For all these 

reasons, more research on the effects of interview medium on applicants’ responses to past-

behavior questions is necessary:  

Research Question 1. What effect does the interview medium have on applicants’ 

responses to past-behavior questions?  

Applicants’ interview performance varies across the different interview media. 

Applicants get lower performance ratings in videoconferences than in FTF interviews 

(Melchers et al., 2021) and lower performance ratings in videoconferences than in AVIs 

(Langer et al., 2017). But one study comparing FTF interviews with AVIs found that 

applicants’ performance ratings were comparable across both media when using the same 

evaluation procedure and eliminating preparation time in the asynchronous condition 

(Kleinlogel et al., 2023). To provide additional results, further investigation is warranted: 

Research Question 2. What effect does the interview medium have on applicants’ 

interview performance? 
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Applicants’ negative reactions toward AVIs may jeopardize the criterion validity of 

behavioral interviews. When applicants perceive less social presence in job interviews, they 

also perceive less opportunity to perform (Basch et al., 2020). This could affect their motivation 

to engage in the interview fully (Hausknecht et al., 2004). However, motivation to engage with 

a test is crucial for validity (Schmit & Ryan, 1992). Reduced motivation to perform in AVIs 

may lead recruiters to misinterpret the applicants’ competencies and misevaluate their past job 

performance. Moreover, applicants experience more stress in AVIs than in FTF interviews 

(Kleinlogel et al., 2023), and higher interview anxiety can affect validity (Schneider et al., 

2019). 

There are two ways to assess the criterion validity of past-behavior questions. One way 

relies on asking for supervisors’ evaluations as a measure of job performance (Hartwell et al., 

2019; Motowidlo et al., 1992). Initial research suggests that behavioral questions in AVIs have 

good criterion validity in this respect (Liff et al., 2024). However, those evaluations may be 

biased by the employee’s attributes (e.g., sex, ethnicity, attractiveness), liking, or even team 

size (Breuer et al., 2013; Lefkowitz, 2000). To tackle these evaluation biases, another way 

involves testing applicants’ performance in a standardized work sample (Heimann et al., 2020; 

Krajewski et al., 2006), where performance can be compared under controlled conditions. As 

the validity of selection tools is central to the success of recruiting organizations, further 

investigation of past-behavior question criterion validity based on work samples in both 

interview media is warranted :  

Research Question 3. What effect does the interview medium have on the criterion 

validity of past-behavior questions as measured in an experimental work sample? 

Method 
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Sample 

The sample size was determined before data collection based on a power analysis 

assuming a small to medium effect size, an alpha of .05 and a power of .95 with a repeated 

measure design and two experimental conditions, which resulted in a sample of 228 

participants (Faul et al., 2009). Two hundred and fifty-four participants were recruited through 

the participant pool of a Swiss university after obtaining ethics clearance. Twenty-five 

participants were excluded for at least one of the following reasons: (1) they did not correctly 

follow instructions (e.g., completed questionnaires before completing the tasks; n = 6), (2) they 

knew one of the actresses involved in the role-play task (n = 10), (3) one of the actresses did 

not play according to the script (e.g., forgot to make a key statement; n = 7) or (4) 

videorecording failures (n = 2). This resulted in a final sample of N = 229 (61.1% women).  

Participants’ mean age was 21.55 years (SD = 3.09). Regarding their education level, 

52% had a high school diploma, 38.4% had a bachelor’s degree and 8.3% had a master’s 

degree, 1.3% reported other degrees. On average, participants had a prior experience of 1.92 

job interviews (SD = 2.78), and 19.2% had previous work experience. In compensation for the 

1.5 hours dedicated to our study, participants received a fixed sum of 40 CHF (about 45 USD) 

and an additional performance-related bonus from 0 CHF to 40 CHF to increase motivation.  

Design 

We conducted a between-subject (FTF versus AVI) experiment in two sessions. In a 

first session, participants performed a standardized work sample from Richter et al. (2016) 

involving two successive role-plays where they played the role of a manager whose task was 

to lay off two employees (played by actresses). From these layoffs, we derived a measure of 

exercise performance. We had participants complete the layoff task twice because it was a 

stressful task in which participants were unlikely to have prior experience. We wanted them to 
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have the occasion to develop experience in how to handle the layoffs between the first and 

second time.  

In a second session about one week later, they completed a mock interview in the FTF 

or AVI setting. Three past-behavior questions measured different competencies, including one 

specifically asking them to recount one of the previous week’s layoffs. This design allows us 

to link the performance at the specific past-behavior question about the layoffs directly with 

the exercise performance at the layoffs and thus to compute the specific criterion validity of 

that past-behavior question. More generally, we can also link the overall interview performance 

(i.e., the three past-behavior questions) with exercise performance and thus compute overall 

interview criterion validity. Because participants’ responses were video and audio-recorded 

and transcribed, our study further enables a detailed content analysis of participants’ responses 

between FTF interviews and AVIs. 

Procedure  

The study comprised two sessions. In the first session, participants came to the lab to 

complete two role-plays. They read and signed a consent form and completed the HEXACO-

PI-R (2004) personality questionnaire (data not reported here). They then completed the work 

sample (i.e., two layoffs). After each layoff, they self-reported their performance (data not 

reported here).  

In the second session, about one week later, participants returned for the mock 

interview. They were randomly assigned to complete an interview in either the FTF or the AVI 

conditions. Finally, participants filled out the Honest Interview Impression Management 

questionnaire from Bourdage et al. (2018) (data not reported here).  

Participants were video-recorded during the two layoff meetings and the job interview 

with front and side cameras, along with audio captured by a microphone. Also, AVIs were 

recorded through a computer webcam. For coding purposes, the interactions (i.e., the layoffs 
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and the job interview) were transcribed based on the audio-recording. In the few cases where 

audio-recordings were defective, we used the video-recording.  

Materials and Tasks 

Work Sample  

To prepare for the layoffs, participants first read the instructions and the given scenario. 

The scenario was that their organization faced financial difficulties and had to reduce staff by 

20% and outsource the customer service. As the service manager, they had to lay off two 

employees following specific criteria (i.e., age, seniority, and family obligations). Before each 

layoff, participants read the information about the employee they were to meet and personalize 

their preparation. Information was provided about employees’ age, marital status, whether they 

had children and their age, some private information (e.g., mortgage, engaged in a divorce 

procedure), and their current job evaluations.  

Participants prepared the first layoff for 10 minutes (with 5 minutes for instructions and 

5 minutes for information about the first employee) and conducted the meeting for about 10 

minutes. They then prepared the second layoff for 5 minutes (with information about the 

second employee) and conducted the meeting for about 10 minutes. The order in which each 

employee (actress) was laid off was counterbalanced.  

During the layoffs, the actresses were trained to follow a script. In addition, they were 

trained to exhibit different behavioral styles, to confront participants with different situations, 

and thus force them to adapt their behavior between the first and second layoff. One actress 

was trained to enact aggressive reactions to participants’ behavior (e.g., frustrated shouting). 

In contrast, another was trained to enact withdrawal reactions (e.g., remaining silent and 

avoiding the participant’s gaze for long periods). 
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Job Interview  

The experimenter briefed participants that the job interview was for a manager position 

in a company selling computers. Immediately after, participants completed the job interview. 

Both FTF interviews and AVIs featured the same four questions. The first question asked 

applicants to briefly present themselves (i.e., “Could you please introduce yourself and 

summarize your background in a few words?”). The second and third questions were past-

behavior questions about managerial competencies and their order was counterbalanced (i.e., 

multitasking: “Can you describe a situation where you were responsible for completing several 

tasks in a short time? How did you organize yourself to manage this situation?”; team 

management: “Can you describe a situation where one of your colleagues did not complete the 

tasks requested within the time limit? How did you deal with this situation?”). The last past-

behavior question was about the previous week’s layoffs (i.e., “Can you tell us about a recent 

situation in which you had to give bad news to someone?”).  

In the FTF condition, participants answered interview questions asked by a human 

recruiter (an I/O psychology graduate student trained to follow the job interview script). The 

recruiter first invited participants to sit down, thanked them for coming to the job interview, 

explained the job interview procedure, and then asked the interview questions before 

concluding the interview. For the last question, the recruiter could specify the question if 

participants did not refer to one of the previous week’s layoffs (“Could you please tell me about 

one of the two layoffs in particular?”). Throughout the interview, the recruiter could briefly 

answer any participants’ question, produce backchannels (mainly mhm), or use words like 

“indeed” to demonstrate active listening.  

In the AVI condition, the experimenter opened the same AVI platform as in Roulin et 

al’s (2023) study. Participants read instructions on how to use the platform. Then, the 

experimenter ensured the proper functioning and calibration of the computer webcam before 
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leaving the room. During the interview, participants read a job interview introduction, 

responded to interview questions written on-screen, and read a closing text, all mirroring the 

recruiter’s in-person script. Participants had up to 20 seconds to read each interview question 

and up to 5 minutes to answer the question before clicking the “next” button. They could start 

answering the question before the end of the 20-second countdown by clicking on a “start 

recording” button. Also, they could stop responding to the question before the 5 minutes were 

up by clicking on a “stop recording” button. 

Measures 

Response Type 

To code for response type in participants’ responses, each transcribed response to a 

past-behavior question was segmented into utterances beforehand. Response type was coded 

by two of the co-authors into one of 6 categories adapted from Bangerter et al. (2014, p. 598): 

(1) story (i.e., “set of events related to a unique past episode, characterized by a unity of time 

or action”), (2) pseudo-story (i.e., “a description of a generic situation or recurrent set of similar 

situations, without unity of time or action.”), (3) decontextualized assertions about one’s 

opinion (i.e., “value/opinion”), (4) self-descriptions, (5) justifications of one’s actions and (6) 

other utterances. Each coder coded half of the data. Reliability was established by double-

coding 30 transcripts (Fleiss’ κ = .99, p < .01). The occurrences of each response type were 

summed to calculate the total number of utterances falling into each category over all responses 

of a participant.  

Exercise Performance  

Exercise performance was assessed based on video recordings of the layoff interactions 

by two pairs of trained psychology graduate students using an adapted version of Richter et 

al.’s (2016) checklist for delivering bad news. Our adaptation featured 27 items, a sample item 

is “Stays objective and calm”. For each item, raters coded as “1” if the item was present; 
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otherwise, it was “0”. All items were summed so that exercise performance scores ranged from 

0 (= poor performance) to 27 (= excellent performance). To prevent a halo effect, we used two 

pairs of coders: one pair evaluated the first layoff, and the other pair evaluated the second 

layoff. This ensured that each coder rated a participant only once. Interrater agreement, 

calculated as the correlation between both ratings of a layoff, was high (both rs = .84, p < .001). 

We first averaged both ratings to create a score for each participant’s performance for each 

layoff. Since both layoff performances significantly correlated (r = .43, p < .001), we then 

computed overall exercise performance by averaging scores across both layoffs. 

Interview Performance  

Interview performance was assessed based on interview video recordings by two 

trained graduate students using self-developed BARS with definitions and examples of 

behaviors (Smith & Kendall, 1963). Each participant’s answer to a past-behavior question was 

rated from 1 (=not at all competent) to 5 (=fully competent). If the FTF recruiter asked a probe 

question about the layoff, raters only evaluated participants’ responses before the probe 

question. Also, they were instructed to assess participants’ performance based solely on 

explicitly described behaviors. This instruction led to low interview performance scores (M = 

1.63, SD = .42). Interrater agreement was calculated as the correlation between both ratings of 

an interview and was high (r = .81, p < .001). To get a single measure for each participant’s 

response, we initially computed three interview performance scores (one per response to a past-

behavior question) by averaging the two raters’ evaluations. Then, we determined the overall 

interview performance by averaging these three scores. 

Results 

Descriptive statistics by condition are presented in Table 1. Correlations for study 

variables are presented in Table 2. The analyses were performed using R 4.1.1 (R Core Team, 

2021) and the following R packages: tidyverse 1.3.2 (Wickham et al., 2019) for data 
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manipulation and visualization, effectsize 0.8.6 (Ben-Shachar et al., 2020) to obtain effect 

sizes, moments 0.14.1 (Komsta & Novomestky, 2022) to analyze the data distribution, car 3.1.0 

(Fox & Weisberg, 2019) to compute the analyses of variance. We used PROCESS for R 4.3.1 

(Hayes, 2017) for moderation analyses.  

Effect of Interview Medium on Applicants’ Responses 

Before testing the impact of the interview medium on response types, we checked 

whether it influenced participants’ overall verbosity. Participants produced significantly more 

utterances in AVIs, (M = 105.71, SD = 45.09) than in FTF interviews (M = 62.42, SD = 30.77), 

t(201.44) = 8.49, p < .001, Cohen’s d = 1.12, 95% CI [33.24, 53.34]. For subsequent analyses 

of participants’ response types, we thus controlled for verbosity by computing ratios of 

response types. We divided the counts of each response type by the total number of utterances 

produced by the participant while answering past-behavior questions. 

To investigate the impact of the interview medium on participants’ response types 

(Research Question 1), we conducted a MANOVA. Results revealed a significant main effect 

of the interview medium on response type, F(1,227) = 3.18, p = .005, ηp2 = .08.  

To determine which response types were influenced by the interview media, we further 

investigated the effect of the interview medium on each response types with six univariate 

ANOVAs. To avoid Type I errors due to multiple tests, we used the Bonferroni correction 

(corrected α = .008). Results showed a significant effect of the interview medium on 

Values/Opinion, F(1,227) = 16.59, p <.001, ηp2 = .07, which were more frequent in AVIs (M 

= 22.32, SD = 13.48) than in FTF interviews (M = 15.42, SD = 11.69). However, there was no 

significant effect of interview medium on the production of stories (F(1,227) = 2.54, p =.112, 

ηp2 = .01), on the production of pseudo-stories (F(1,227) = 0.21, p =.646, ηp2 = .00), on self-
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descriptions (F(1,227) = .69, p =.408, ηp2 = .00), on justifications (F(1,227) = 3.07, p =.081, 

ηp2 = .01) or on other utterances (F(1,227) = .29, p =.588, ηp2 = .00). Figures 

Figure 1 shows the means of response types per interview medium.  

Effect of Interview Medium on Interview Performance 

To investigate the effect of the interview medium on interview performance (Research 

Question 2), we computed an independent-samples t test. Results showed no significant effect 

of interview medium on performance, t(216.10) = -1.74, p = .083, Cohen’s d = -.23, 95% CI [-

-.50, .03], (AVIs: M  = 2.97, SD = .86, FTF: M  = 2.78, SD = .74).  

Effect of Interview Medium on Behavioral Interview Criterion Validity 

To assess the criterion validity of past-behavior questions (Research Question 3), we 

conducted two moderation analyses. The first analysis investigated the relationship between 

overall interview performance and exercise performance at the layoff with the interview 

condition as a moderator. The second moderation analysis investigated the relationship 

between the performance at the past-behavior question about the layoff with the exercise 

performance at the layoffs, with the interview condition as a moderator. 

For the first moderation analysis investigating the relationship between overall 

interview performance and exercise performance, we centered overall interview performance 

at the grand mean. Results revealed a significant effect of interview performance (B = 1.28, t 

= 2.60, p = .010) on exercise performance. There was no effect of interview condition (B = 

0.12, t = 0.50, p = .618), nor a moderating effect of interview condition (B = -0.57, t = -1.90, p 

= .059), R2 = .050, F(3, 214) = 3.73, p = .012. This shows that interview performance is a valid 

predictor of exercise performance, and interview medium does not affect this relationship.  

For the second moderation analysis focusing on the specific relationship between the 

performance at the past-behavior question about the layoff with the exercise performance at 

the layoffs, we centered the performance at the past-behavior question about the layoff at the 
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grand mean. Results showed a significant effect of performance at the past-behavior question 

about the layoff (B = 0.82, t = 2.30, p = .023) on exercise performance at the layoffs. There 

was no effect of the interview condition (B = 0.05, t = 0.21, p = .838), nor a moderating effect 

of interview condition (B = -0.29, t = -1.23, p = .218), R2 = .063, F(3, 214) = 4.76, p = .003. 

This indicates that the performance at the past-behavior question about the layoff is a valid 

predictor of exercise performance at the layoff and the interview medium does not affect this 

relationship.  

Discussion 

This research compared the effect of AVIs and FTF interviews on applicants’ responses 

to past-behavior questions (Research Question 1), their corresponding interview performance 

(Research Question 2), and the criterion validity of past-behavior questions (Research Question 

3). We found that participants provided more extended responses in AVIs than in FTF 

interviews by a factor of about 1.67. However, they do not differ in the rate of narrative answers 

(i.e., stories and pseudo-stories) nor in decontextualized assertions about self-descriptions and 

justifications. The only difference is that participants talked more about their values and 

opinions in AVIs than in FTF interviews. This difference could stem from the on-screen timer 

in the AVIs indicating the time left to respond. Some participants may have reached the end of 

their response before the time was up and may have felt pressured to extend their response with 

additional information to fill the remaining time (Orji et al., 2024). Adding information about 

values and opinions in the remaining time may be explained by the fact that stories are typically 

recounted to perform a social action like accounting for one’s behavior or illustrating a 

characteristic of one of the protagonists (Mandelbaum, 2013). As such, narrators often make 

the point (i.e., the moral) of the story at the end of the telling. If audiences fail to react 

appropriately, they may repeat or emphasize the point (Bavelas et al., 2000). In the AVI setting, 
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a still-running timer may have a similar effect as an unresponsive audience in a FTF setting. 

This may induce participants to talk more and make a more explicit link between the story and 

how it illustrates their personal characteristics, thereby producing more statements about their 

values and opinions.  

There was no significant difference in interview performance between FTF interviews 

and AVIs. This may partly reflect the similarity in participants’ response content across media. 

Previous research comparing interview formats found higher performance in FTF interviews 

compared to videoconferencing (Melchers et al., 2021), while AVIs yielded higher 

performance than videoconferencing (Langer et al., 2017). The only study comparing FTF 

interviews with AVIs reported comparable interview performance across both media 

(Kleinlogel et al., 2023). Although our findings align with this research, further investigation 

into applicants’ performance in AVIs (versus FTF interviews) is needed to reinforce and 

complete our understanding of the interview medium effects. 

Regarding the effect of the interview medium on past-behavior question criterion 

validity, the overall interview performance (i.e., responses to the three past-behavior questions) 

predicted exercise performance as measured by the role-plays of the layoff. There was no effect 

of the interview medium. Moreover, the performance at the past-behavior question about the 

layoff predicted the exercise performance at the layoff and there was no effect of the interview 

medium. While behavioral interviewing is widely considered a valid predictor of future job 

performance in FTF interviews (e.g., Motowidlo et al., 1992; Huffcutt et al., 2004; Taylor & 

Small, 2010; Hartwell et al., 2019), our results suggest that its validity holds also in AVIs. This 

aligns with a recent study reporting good criterion validity of past-behavior questions in AVIs 

using another kind of performance measure, supervisor evaluation (r = .24; Liff et al., 2024).  

This research carries practical implications for both organizations and applicants. First, 

on-screen past-behavior questions in AVIs lead to interview performance comparable to FTF 
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interviews. This suggests that AVIs can be a fair interview method. The comparable 

performance across media also responds to applicants’ concerns about the lower chance of 

performing well in AVIs (Kleinlogel et al., 2023). Second, applicants’ responses do not 

substantially differ across interview media, although they speak more and talk more about their 

values and opinions at the end of their AVI responses (Orji et al., 2024). However, this may 

depend on the way AVIs are configured (e.g., time allotted for response, see below). Finally, 

the advantages of behavioral interviewing in terms of criterion validity (Hartwell et al., 2019) 

seem to extend to AVIs, confirming previous research (Liff et al., 2024).  

Our study has some limitations. First, it occurred in the lab, thus limiting 

generalizability to real, high-stakes interviews or layoffs, despite our attempts to incentivize 

participants. However, an experimental approach enables investigating causal relations 

between variables of interest (Bless & Burger, 2016). Also, it would have been challenging to 

control the past job-related situation (what people did) and ask about it in a job interview (what 

people say they did) in real-life interviews, especially when comparing differences in interview 

medium while holding other factors constant, which is a key advantage of experiments (Falk 

& Heckman, 2009). We thus advocate for more experimental research, given the current dearth 

of knowledge on differences in applicant responses to past-behavior questions between AVIs 

and FTF interviews.  

A second limitation concerns the AVI configuration. While multiple parameters can be 

manipulated (Lukacik et al., 2022; Roulin et al., 2023), we chose a fixed set of those parameters 

to make our AVIs comparable to FTF interviews. For example, AVI participants had a 20-

second time window to read each interview question. This was intended to standardize the 

reading process, but potentially allowed fast readers to start preparing a response or to initiate 

their response before the timer ended. The lack of control about who initiated their response 

first and who waited until the countdown ended introduces a potential source of variability 
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between the FTF and AVI conditions. This may have added noise in our comparison with FTF 

interviews, where participants listen to the recruiter’s questions, sometimes asked for 

clarifications, and then proceeded to answering the question. At the same time, participants in 

the FTF condition may have already started preparing their response while the recruiter was 

still asking the question, as is typical in conversation (Levinson, 2016). Despite this limitation, 

our results align with previous research on applicants’ interview performance when having no 

preparation time (Kleinlogel et al., 2023).  

Future studies should investigate the generalizability of these findings across different 

job positions and domains. Moreover, they should assess the impact of different AVI 

parameters on applicants’ responses to past-behavior questions and performance, such as 

examining the effect of the time allotted to respond, and determining whether such parameters 

have boundary conditions for optimal performance. Also, one promising avenue may involve 

parametrizing AVIs to facilitate participants’ recall of episodes of maximal rather than typical 

performance (Huffcutt et al., 2024), e.g., by priming participants with question formulation and 

fine-tuning preparation time. 

Conclusion 

AVIs featuring past-behavior questions represent a promising alternative to FTF 

interviews but raise questions about their impact on applicants’ responses, interview 

performance, and criterion validity. Our findings revealed that the interview medium has little 

effect on these outcomes. Because very little research exists on these questions, further research 

should continue to explore the effects of different AVI designs on applicants’ responses, 

interview performance and on AVI criterion validity. 
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Tables 

Table 1.  

Descriptive Statistics of Study Variables by Interview Condition. 

  FTF AVI 
  n M SD n M SD 
Exercise performance 109 18.71 1.84 110 18.92 1.69 
Layoff Question Performance 112 2.98 1.08 111 3.33 0.97 
Interview Performance 112 2.78 0.74 111 2.97 0.86 
Utterance Counts 114 62.42 30.77 115 105.71 45.09 
Stories 114 34.35 24.06 115 51.90 33.48 
Pseudo-stories 114 13.01 13.15 115 22.08 18.89 
Values/Opinion 114 10.62 10.68 115 24.59 20.04 
Self-description 114 0.92 1.95 115 1.70 2.39 
Justification 114 1.43 1.99 115 1.83 2.13 
Other Utterances 114 1.99 2.16 115 3.76 3.32 

Note. FTF = face-to-face interviews, AVI = asynchronous video interviews. 
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Figures 

Figure 1 

Effect of Interview Medium and Response Type on the Utterance Ratio. 

 
Note. N = 229 (NFTF = 114, NAVI = 115); FTF = face-to-face interviews, AVI = asynchronous 
video interviews; error bars indicate ± 1 SE. 
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Identifying Storytelling in Job Interviews Using Deep Learning
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Structured interviews often include past-behavior questions inviting applicants to recount a past
work experience. While optimal responses to these questions should take the form of a story,
applicants struggle to produce them extemporaneously. Asynchronous video interviews (AVIs)
present new opportunities for job interview coaching, which can incorporate artificial intelli-
gence to analyze video-recorded responses and deliver personalized feedback. Following this
demand, we explore the potential of audio-based deep-learning models to identify storytelling
and other, sub-optimal responses (pseudo-stories, decontextualized assertions) from interview
recordings. Using data from 254 mock interviews featuring three past-behavior questions, we
developed models to determine the utterance type, considering different scenarios and labeling
schemes of varying granularity. We further applied multiple techniques to improve the model
accuracy. Findings show that our models achieve satisfactory performance when enhanced
with audio information and enriched with longer context (best accuracy: 77.67%). In the end,
we discuss the results, implications, and future research directions.

Keywords: Deep learning, storytelling, past-behavior questions, selection interviews

Introduction

Behavioral job interviews are a best practice to assess ap-
plicants’ competencies (Janz, 1989). They often use past-
behavior questions (Please tell me about an occasion where
you had to deal with an unsatisfied client), which invite ap-
plicants to give a detailed account of a past work-related
event where they took action to resolve a problematic situ-
ation. Those questions thus invite applicants to tell a story
(Ralston et al., 2003). Telling stories in job interviews may
allow applicants to convey a good impression in recruiters’
eyes (Stevens & Kristof, 1995) and increase their chances
of being hired (Bangerter et al., 2014). However, applicants
often struggle to produce stories on demand and may opt for
sub-optimal responses (Bangerter et al., 2014; Brosy et al.,
2016). Different strategies to help applicants improve their
storytelling have been investigated, including coaching (Ral-
ston et al., 2003), image-based training (Lin-Stephens et al.,
2022), and providing information about the interview for-
mat or using probe questions during interviews (Brosy et al.,
2020).

In recent years, new technology-driven interview formats

∗ Equally contributed and share the first authorship.

have emerged, like asynchronous video interviews (AVIs),
where applicants log into a platform from their computer
or smartphone and audio- or video-record their responses to
questions asked in written form or by an avatar (Lukacik et
al., 2022). Due of the lack of interactivity, applicants’ re-
sponses may differ from face-to-face (FTF) settings (Ger-
manier et al., 2024). Moreover, some traditional solutions
to improve applicants’ responses (e.g., probe questions) be-
come impossible in AVIs. Therefore, helping applicants re-
spond better to past-behavior questions may be complicated
by the AVI setting.

Recently, recordings generated via AVIs may also enable
novel solutions for training applicants. In addition to assist-
ing recruiters in hiring decisions (e.g., Naim et al., 2015), au-
tomatic analyses of applicants’ responses via machine learn-
ing models can also support the delivery of automated feed-
back in training applications to help applicants improve their
responses. To provide applicants with personalized feed-
back, verbal and nonverbal behaviors extracted from appli-
cants’ interview video recordings have been recently inves-
tigated (Gebhard et al., 2018; Hoque et al., 2013; Langer
et al., 2016). Particularly, Bangerter et al. (2023) used ma-
chine learning approaches to automatically identify story-
telling responses to past-behavior questions from transcripts
of FTF interviews. However, their approach is constrained by
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the need for manual transcription, which prevents the imple-
mentation of these models in training platforms. Plus, more
recently, powerful end-to-end machine learning using deep
neural networks, known as deep learning (DL), has demon-
strated strong performance in making inference from text,
audio and visual information. Systems based on DL have
been implemented in a broad range of applications including
chatbots (OpenAI, 2023), speech recognition (Radford et al.,
2023), spoken language understanding (Qin et al., 2021), and
interview analysis (Koutsoumpis et al., 2024; Rahman et al.,
2021).

Building on these aforementioned works and the recent
progresses in DL , this study aims to developp DL models
cabable of automatically identifying storytelling responses
as well as other sub-optimal types of response directly from
audio-recorded responses. Our study goes beyond previ-
ous work in (1) focusing on the content of participants’ re-
sponses, (2) evaluating performance of DL models under the
pretraining+fine-tuning paradigm rather than traditional ma-
chine learning (e.g., random forest), and (3) working directly
from audio recordings, which brings us a step closer to prac-
tical implementation in real application scenarios. To do so,
we apply DL models to identify response type from audio-
recorded responses of participants in mock job interviews in
an experimental setting with FTF interviews and AVIs. The
goal of this research is to pave the way for developing models
to implement in AI-powered training platform that provides
automatic feedback on applicants’ responses to past-behavior
questions from the audio recordings.

Applicants’ Responses to Past-Behavior Questions

Job interviewing is a common procedure for recruiters to
assess applicant characteristics such as personality and com-
petencies (Huffcutt et al., 2001). Behavioral interviews are
a best practice in interviewing. They often feature past-
behavior questions, which are valid predictors of future job
performance. Past-behavior questions invite participants to
describe their behavior in past work-related situations (Cam-
pion et al., 1997; Janz, 1989). Applicants’ responses to
such questions should take the form of narratives (i.e., story-
telling) (Ralston et al., 2003). Indeed, storytelling is a good
way to create a positive impression, which provides an en-
gaging and potentially more memorable response (Bangerter
et al., 2014; Brosy et al., 2016; Stevens & Kristof, 1995),
thus increases hirability ratings (Bangerter et al., 2014).
Practical interview guides often advise applicants to use the
STAR mnemonic to organize their stories: Start with a brief
description of the situation (S), explain the task and actions
undertaken (TA), and describe results obtained (R) (Kessler,
2006). For example, regarding the past behavior question:

Can you tell me about a situation where one of
your employees didn’t complete a task on time?
How did you react to this problem?

a storytelling (S) response from our corpus (translated
from French) is:

then uh yes it did happen uh during a project
to be handed in uh for uh the courses (SS)/ and
um what happened is that I uh discussed with uh
the various uh collaborators who hadn’t handed
in their work on time (STA)/ and so we sent an
e-mail uh [laughs] to the professor (STA)/ to ex-
tend the deadline (STA)/ to find a way (STA)/
basically we used uh I tried to communicate the
best I could with them (STA)/ and tell them what
was wrong (STA)/ and what solutions we could
perhaps uh put in place [laughs] (STA)

This example constitutes a story because it describes a
unique episode (it did happen uh during a project) in the past,
one marker of this being the use of the past tense. In this
example, the response has been segmented into utterances
and each utterance has been labelled as being about the Sit-
uation (one utterance), Task and Actions (seven utterances),
or Results (zero utterances). Besides the words constituting
each utterance, the response transcript also shows evidence
of filled pauses (“uh”) and paraverbal behavior (“laughs”).

Applicants do not always spontaneously provide story-
telling responses when asked past-behavior questions, and
often provide sub-optimal responses such as general descrip-
tions of generic situations (pseudo-stories, P), as in the fol-
lowing response to the same question:

hmm for example a colleague (PS)/ well I try if
I’m able to save the situation in quotes (PTA)/
well I give him my help (PTA)/ and so that ev-
eryone gets out of it (PTA)/ and but if I can’t
do anything (PTA)/ well I couldn’t do anything
(PTA)/ well then I wouldn’t be the one to uh try
to sink the person or whatever (PTA)/ I’ll always
try to help him (PTA)

This example constitutes a pseudo-story because it de-
scribes a generic situation using the present tense without
any individualizing information (e.g., specific time and/or
location). Another type of sub-optimal response consists
of decontextualized assertions about oneself, including val-
ues/opinions (VO), self-descriptions (SD), or justifications
(JS), as in the following example from our corpus. Given
the question:

Can you tell me about a situation where you
were responsible for carrying out several tasks
in a short space of time? Tell me how you orga-
nized yourself to deal with this situation.

the response is:
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okay uh well the [sighs] multitasking uh of
course she uh doing several tasks uh at the same
time is not my forte (SD)/ but uh I think we w-
we can all do several tasks uh at the same time
(VO)/ so uh me that’s what- the style I prefer uh
to do one at a time uh (SD)/ but uh um there are
times when we’re obliged to do uh several uh
things uh at the same time (VO)/ uh and uh the
switch and manage the tasks at the same time
it’s a uh it’s a bit tiring for the brain (VO)/ but
uh uh I can do it (SD)/ so uh it’s not it’s what I
prefer (SD)/ uh but uh I can do it (SD)

In this example, the participant does not answer the ques-
tion by producing a story. Rather, they produce a series of
self-descriptions and values/opinions. In one study, when
asked past-behavior questions, these decontextualized re-
sponses were more likely to occur the longer applicants
paused before responding (Brosy et al., 2016). Partici-
pants may have trouble finding a suitable past episode to re-
count (evidenced by longer pauses) and thus resort to self-
descriptions and statements of values and opinions in order
to start speaking, even if the response is sub-optimal.

Table 1

Abbreviations by Utterance Type

Utterance Type Abbreviation

Story S
Situation SS
Task-Action STA
Result SR

Pseudo-Story P
Situation PS
Task-Action PTA
Result PR

Values/Opinion VO
Self-description SD
Justification JS

Other OR

These examples illustrate the difficulties in producing sto-
ries in response to past-behavior questions and may consti-
tute an important factor affecting the validity of the inter-
view procedure (Huffcutt & Murphy, 2023). Applicants’ re-
sponses can be improved with job interview training and re-
cruiters’ help. A first approach involves an instructor (e.g.,
coach or career advisor) critiquing the response, helping the
applicant construct a corrected version of the narrative that
is then discussed within a training group (Ralston et al.,

2003). A second approach consists of extended training
with image-based intervention wherein interviewees create
images associated with their examples (Lin-Stephens et al.,
2022). However, these procedures are time-consuming and
can be difficult for applicants to implement (e.g., the lack
of access to a coach). Alternatively, recruiters may provide
information about the type of question before the interview
or use probe questions during the interview to help appli-
cants improve the content of their responses (Brosy et al.,
2020). While probe questions are effective in increasing sto-
rytelling responses and balancing the narrative elements of
stories (STAR), providing information prior to the interview
situation is not (Brosy et al., 2020).

The Rise of Asynchronous Video Interviews

In-person job interviews are being increasingly supple-
mented by asynchronous job interviews (AVIs). AVIs are
more flexible, so that recruiters and applicants do not need to
meet in space and time anymore (Basch et al., 2020). Appli-
cants connect to a platform and video-record their responses
to questions which are displayed on-screen or asked by an
avatar. Recruiters, or, more recently, algorithms, evaluate
applicants’ responses based on the video-recording (Lukacik
et al., 2022).

Since AVIs constitute different interactional situations, ap-
plicants’ responses to past behavior questions are likely to
differ. Compared to FTF interviews, applicants’ storytelling
responses feature similar proportions of STAR narrative el-
ements in AVIs (Germanier et al., 2023). However, appli-
cants talk more about their values and opinions in AVI set-
tings (Germanier et al., 2024). Such expression of personal
values may not constitute relevant responses to past-behavior
questions, resulting in lower chances of being hired (Orji et
al., 2024). To help with this, video-based training has been
developed, by explaining for instance what constitutes good
behaviors leading to higher performance, including story-
telling (Roulin, Pham, & Bourdage, 2023). An alternative
training approach for effective storytelling could involve AI-
powered systems within coaching platforms or software to
automatically provide tailored feedback to applicants based
on recordings of their responses.

Analyzing Interview Responses of Applicants with Ma-
chine Learning and Deep Learning

Along with the advent of AVIs, significant progress has
been made in machine learning (ML). Recent ML techniques
can make powerful predictions of labels (e.g., human-coded
labels like storytelling or other types of utterances in the
present case) from observations (e.g., human speech). ML
can thus assist human decision-makers (Liem et al., 2018).
To generate robust and accurate predictions, ML models typ-
ically follow a two-step process. First, they are trained to
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adapt to the data. This first step can be typically accom-
plished through supervised learning, where the model is pro-
vided with human-coded labels, which serve as the ground
truth that the model uses to learn (Liem et al., 2018). Sec-
ond, the trained model is tested and evaluated on previously
unseen data to see how well it works with any newly pre-
sented data it will encounter when applied to practical use.
Of note, the quality of the ML prediction highly depend on
the quality of the training data (Geiger et al., 2020)

Machine learning has been applied in AVIs to predict ap-
plicants’ personality traits or hiring recommendations based
on automatically extracted verbal, paraverbal and visual fea-
tures as well as human annotations (e.g., Chen et al., 2017;
Hickman et al., 2022; Holtrop et al., 2022; Naim et al., 2015;
Nguyen et al., 2014; Rupasinghe et al., 2016). In the context
of job interview training, ML applications can provide appli-
cants with automatic feedback to improve their interview per-
formance. One study developed an application where inter-
viewees interact with a conversation avatar coach to get feed-
back (Hoque et al., 2013). Another study implemented auto-
matic feedback on interviewees’ behavior into serious games
for job interview training (Gebhard et al., 2018). Langer et
al. (2016) also investigated how real-time feedback on non-
verbal behaviors in avatar training job interviews improves
interviewee performance.

The above systems deliver feedback on nonverbal or par-
averbal aspects of applicants’ responses. One system deliv-
ers feedback on “weak language” (i.e., filler words) (Hoque
et al., 2013). Currently, no systems we are aware of are ca-
pable of delivering feedback tailored to the substantive con-
tent of participants’ responses. This is an important gap be-
cause content is one of the most important factors affect-
ing interview performance, being more important than non-
verbal or paraverbal behavior (Rasmussen, 1984; Riggio &
Throckmorton, 1988). Further, content is particularly impor-
tant in evaluating or improving responses to past-behavior
questions. In a first step in this direction, Bangerter et al.
(2023) used ML to identify storytelling in applicants’ re-
sponses in FTF interviews. Based on interview transcripts,
they automatically extracted semantic features (i.e., LIWC;
Pennebaker et al., 2015), word counts, and TF-IDF (a mea-
sure of a word’s importance in a text). Using various ML
algorithms (e.g., random forest), they predicted whether a
response consisted of a story or not considering the amount
of different STAR narrative elements in responses. Their
findings suggested that it is feasible to identify a particular
utterance type, storytelling, in applicants’ responses using
ML. A limitation of that study is the reliance on transcribed
speech, which restricts the applicability of the approach to a
real training platform setting. Indeed it is not feasible to man-
ually transcribe the audio recordings prior to the ML analyses
in a scalable application.

More sophisticated deep neural techniques may enable

progress. These techniques have also been leveraged in AVI
settings, e.g., to predict personality using convolutional neu-
ral network (Suen et al., 2019), or hirability using hierarchi-
cal gated recurrent unit (Hemamou, Felhi, Vandenbussche, et
al., 2019), though still using handcrafted features, with atten-
tion weights used to identify critical timespans (Hemamou,
Felhi, Martin, & Clavel, 2019). While starting from the
landmark work of BERT (Devlin et al., 2019), the state-of-
the-art in DL is characterized by the pretraining+fine-tuning
paradigm. Under this paradigm, a large language model is
first trained upon a very large dataset of unlabeled text or
speech, using self-supervised tasks such as doing cloze ques-
tions. Since such tasks do not need human coded labels, a
large amount of data from books and the Internet can be used
at little cost. Furthermore, doing well on such language tasks
requires the model to learn general knowledge and capabil-
ity to understand language and produce feature representa-
tions that encapsulate the structure and semantics of the in-
put texts. In simpler terms, the model must convert words
into mathematical representations (vectors) that reflect both
how the text is structured (e.g., grammar) and what it means
(e.g., context and word associations). By fine-tuning various
publicly available pretrained models on local machines, such
language knowledge and capability can then be transferred
to more specific downstream or target tasks. Examples are
sentiment classification, question-answering (Devlin et al.,
2019), spoken language understanding (Qin et al., 2021), and
so should be interview analysis. Given knowledge learned
from a large amount of pretraining data, the demand of the
data size on the target task can be greatly reduced. This ap-
proach is essential in high-performance DL systems nowa-
days, especially when the high cost of collecting realistic
data (as in the case of interview responses) becomes a re-
striction of the target dataset. Attempts have been made to
incorporate pretrained models into interview analysis, such
as using them to process interview transcripts for predicting
hirability (Rahman et al., 2021). However, there is still much
to explore about the potential of end-to-end DL with pre-
trained models in different modalities (including both lan-
guage and speech) in analyses of applicants’ response con-
tent.

This Study

Applicants’ responses to past-behavior questions are pre-
dictive of their future job performance. However, applicants
are not always able to produce appropriate responses (i.e.,
stories) to these questions in real time. This may interfere
with correct assessments of their personal characteristics and
explain in part the high variability in validity of past-behavior
questions (Huffcutt & Murphy, 2023). Procedures for coach-
ing applicants show potential but are often expensive or time-
consuming. AVIs may further complicate responding to past-
behavior questions. However, the automatically generated
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video recordings in AVIs hold potential for automatic anal-
ysis of participants’ response behaviors and thus the provi-
sion of automatically generated feedback tailored to partici-
pants’ specific responses, thus bypassing the need for coach-
ing or at least potentially complementing coaching interven-
tions (Bangerter et al., 2023).

Accordingly, this study used DL models with the goal of
predicting storytelling components (S/TA/R) and other ut-
terance types such as pseudo-story components (S/TA/R),
values/opinions, self-descriptions, and justifications to past-
behavior interview questions from audio recordings of par-
ticipants answering past-behavior questions in mock job in-
terviews. Participants’ responses were labeled by human
coders. These labels were used as the ground truth for train-
ing models.

This study goes beyond previous work (e.g., Bangerter
et al., 2023) in several respects. First, we used the state-
of-the-art DL technique under the pretraining+fine-tuning
paradigm, which is essential in the current situation where
the training set of participants’ responses is relatively scarce
and linguistically complex. Specifically, we used the mul-
tilingual version of the recent pretrained textual model
RoBERTa (Liu et al., 2019) and speech model Wav2Vec2
(Baevski et al., 2020), in combination with the state-of-the-
art pretrained speech recognizer Whisper (Radford et al.,
2023). Second, we predicted a large set of labels (i.e., 10)
that constitute a comprehensive and fine-grained array of
applicants’ potential responses to past-behavior questions.
Third, we considered a range of different modeling tech-
niques to identify the impact of various factors so as to cater
to practical needs with optimal performance.

Using these pretrained DL models, our modeling followed
a three-stage development. In the first stage, we conducted
baseline assessments. We compared the performance of the
models under the evaluation scenarios using human tran-
scripts (i.e., transcription-based scenarios), or using auto-
matic speech recognition (ASR) models that generate tran-
scripts to mirror practical cases when only the audio is avail-
able(i.e., audio-based scenarios). In addition to the original
labeling scheme with 10 labels, we also assessed two higher-
level labeling schemes with fewer categories. This is because
prediction of labels that were less frequent 1 or that were dif-
ficult to discriminate, especially with limited context, may be
challenging and less accurate. More importantly, our objec-
tive is to detect storytelling, and it could be useful to consider
simplified schemes that are more focused on this goal.

The second stage consisted of information enrichment in
training of audio-based models. We considered the effective-
ness of the model trained upon the human transcripts only,
versus models trained with additional information from the
audio. Such techniques include using transcripts produced
by ASR during training, as well as directly introducing the
audio as part of the model input. We explored these scenarios

because human transcripts, although more accurate and gen-
erally used for model training, are not available in real cases
based on interview recordings where we can only access
ASR transcripts. Furthermore, paraverbal cues (e.g., into-
nation, prosody) might be also informative for this semantic-
centric classification, but are not well represented in tran-
scripts.

The third stage consisted of context enlargement. Given
the significant variation in utterance length and the preva-
lence of relatively short utterances, it is often challenging
to accurately determine the utterance type. For instance,
an utterance describing an action may be classified as STA
if the exact time of the event is mentioned in the previous
utterances but as PTA otherwise. Therefore, incorporating
more context of the target utterance into the models can en-
hance their performance. Hence we created two different
techniques to incorporate more context, namely coalescence
and expansion. Coalescence involves merging adjacent ut-
terances of the same type, while expansion directly enlarges
the context visible to the model.

Method

Participants

There were 254 French-speaking undergraduates (59.8%
women, Mage = 21.60, SD = 3.07). Fifty-two % of partici-
pants held a high school diploma, 48.8% had a university de-
gree (bachelor: 39% and master: 9.8%) and 1.3% held other
types of diplomas. Participants had already experienced 1.94
job interviews on average (SD = 2.79). Participants were of-
fered monetary compensation consisting of a fixed sum and
a performance-based bonus.

Procedure

Participants engaged in a two-stage lab experiment. In the
first stage, they started completing a consent form and a per-
sonality questionnaire (data not reported here). Then, they
performed a work sample (i.e., two role plays) adapted from
Richter et al. (2016). After each role-play, participants self-
rated their performance (data not reported here). About one
week later, participants returned for a mock job interview for
a managerial job position, randomly assigned to either FTF
or AVI conditions. Once the job interview was completed,
participants filled out a final short questionnaire (data not re-
ported here). Throughout both the work sample and the job
interview, participants were audio and video recorded using
front and side cameras, along with microphones.

All participants were asked the same four questions. The
first question was about self-presentation asking “Could you
please introduce yourself and summarize your background
in a few words?” The second and third questions were past-
behavior questions targeting managerial competencies (e.g.,
multitasking: “Can you describe a situation where you were
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responsible for completing several tasks within a short pe-
riod? How did you organize yourself to manage this situa-
tion?”). The fourth question was also a past-behavior ques-
tion that targeted the role play of the previous week (i.e.,
“Can you tell us about a recent situation in which you had
to give bad news to someone?”). In the FTF condition, par-
ticipants were interviewed by a mock recruiter trained to fol-
low a script. After the experimenter briefed them about the
job interview and left the room, the recruiter greeted the par-
ticipant, started with a brief overview of the interview, and
continued asking the questions before concluding the inter-
view. In the AVI condition, participants used the same AVI
platform as in Roulin, Wong, et al. (2023)’s study to read
and respond to on-screen questions. Following the experi-
menter’s instructions, participants had up to 20 seconds to
read each question and up to 5 minutes to answer. They had
the flexibility to start and finish their responses before the
respective timers ended, applying to all interview questions.

Data Preparation

Transcription and Preprocessing

All participants’ responses to the past-behavior questions
were transcribed manually, including disfluencies (uh, um,
hmm), hesitations, repetitions, and word truncation. Their
responses were then segmented into shorter units, here utter-
ances corresponding to a subject, verb, and object structure
(Bangerter et al., 2014).

Regarding the utterance lengths, there was a small but sig-
nificant difference between FTF interviews and AVIs (D =
0.022, p = .016, w.r.t. word counts): Each utterance con-
tained on average M=11.68 words (SD=5.67) or M=4.06
sec (SD=2.59) of speech for FTF interviews, and M=11.96
words (SD=6.02) or M=4.52 sec (SD=2.69) for AVIs. Thus,
utterances were often quite short (see Figure 2). Also, there
was a significant difference between the two interview con-
ditions for the total length of an interview (D = 0.235, p =
.002, w.r.t. word counts): For each FTF interview, there were
M=1250.25 words (SD=423.53) or M=7.27 min (SD=2.31)
min of non-silent audio on average, while for AVIs the num-
ber was M=1511.26 words (SD=644.69) or M=9.69 min
(SD=3.82).

Manual Coding: Utterance Type

Each utterance contained in participants’ responses to
past-behavior questions was coded using the categories pro-
posed by Bangerter et al. (2014), which include: story
(S) considered as a “set of events related to a unique past
episode, characterized by a unity of time or action”; pseudo-
story (P) defined as “a description of a generic situation or
recurrent set of similar situations, without unity of time or
action”, and decontextualized assertions about interviewees’
opinions (value/opinion, VO), justification for their actions

(justification, JS) or self-descriptions (self-description, SD)
(Bangerter et al., 2014, p. 6). Any utterance not falling into
these specific categories was coded as “others,” (OR). Cat-
egories were mutually exclusive. Narrative utterances (i.e.,
story and pseudo-story) were further coded according to the
STAR model (Kessler, 2006): Utterances providing informa-
tion about the context were coded for situational elements
(SS for stories, PS for pseudo-stories), utterances provid-
ing information about roles and actions of protagonists were
classified as task- and action-related elements (STA/PTA),
and those referring to the results obtained were classified as
results-related elements (SR/PR). Two trained experts in per-
sonnel selection were involved in this coding task. Reliabil-
ity was established by double-coding 30 transcripts (Fleiss’
Kappa = .99, p < .01).

Alignment

Interview audio files collected in this study are first tran-
scribed, and the type of each utterance is then coded from
the transcript. To directly analyze the interview speech, it
is necessary to associate the coded utterance type with the
audiorecording of the corresponding segment, so that we can
train DL models to predict the label given audio only. To
achieve that, we use the standard technique known as forced
alignment in speech processing, which aligns the transcript
with the audio by identifying the exact start and end times-
tamps within the audio for each word in the transcript. Then
it is straightforward to identify the audio segment or time in-
terval in the recording corresponding to each utterance, and
the label can be assigned to each segment accordingly.

Typically, forced alignment is carried out using acous-
tic models, which are also a key component of ASR sys-
tems; multiple out-of-the-box toolkits are available. How-
ever, in our data the recordings are long-form French dia-
logues. There are many filler words, variations in the record-
ing quality, long silences, and sometimes overlapping speech
between speakers; also the target utterances are often rather
short. Long silences due to, e.g., participants thinking about
their response, are particularly disturbing as they interfere
with acoustic modeling. But identifying them, known as
voice activity detection (VAD), is not trivial, and simple
energy-based VAD (e.g., identifying a time interval as si-
lence when the amplitude is small enough compared to other
parts of the audio) fails due to variations in the dialogue and
recording environment, as well as bursts of environmental
noise (e.g., knocking at the table). We tried several well-
known out-of-the-box toolkits for forced alignment, includ-
ing Montreal Forced Aligner (MFA) (McAuliffe et al., 2017)
and WhisperX (Bain et al., 2023), but both of them fail to
address these unique challenges and reach satisfying results.
Therefore, we had to build a specialized forced alignment
pipeline using a combination of multiple pretrained speech
models and heuristics.
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Figure 1

Percentage of Different Labels for Utterances from FTF Interviews and AVIs
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Note. The proportion differs between the two interview conditions, while for both the categories are highly imbalanced and labels like
PR and SD account for little proportion of the data. SS = story situation, STA = story task-action, SR = story results, PS = pseudo-story
situation, PTA = pseudo-story task-action, PR = pseudo-story results, VO = values/opinion, SD = self-description, JS = justification, OR =
other utterances.

Figure 2

Histogram of the Word Counts and Utterance Lengths in Our
Dataset
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Note. The distribution leans to the left, indicating a large number of
short utterances.

We mainly leveraged the forced alignment toolkit in Mas-
sive Multilingual Speech (MMS) (Pratap et al., 2023), an
ASR system focused on multilingual scenarios. The toolkit
is based on a multilingual Wav2Vec2-based encoder-only
model with Connectionist Temporal Classification loss. Such
standard acoustic models allowed us to obtain the exact
timestamp of phonemes, and the toolkit could then assign
timestamps to the words and achieve forced alignments. In
particular, the toolkit is able to identify silent frames, which
allowed us to jointly perform VAD and forced alignment
precisely. Nevertheless, long silence was generally harm-
ful to the model performance. Therefore, we pre-processed
the audio with the toolkit, and removed all the long silences
(>4 sec), with 1.6 sec safe margin to allow for some error.
All the following processes are based on this new version
of recordings with silence removed. Using this toolkit we
then obtained the final forced alignment and segmented the
recordings into audio utterances. Additional margins on the
left and right of the segment were added if the pause between
words permitted. We found the results generally satisfying.

ASR Transcription

We then produced the ASR transcripts of our recordings
for the training and evaluation procedures. Since the ASR
system that produces the transcripts is an essential part in our
pipeline, we need an ASR system that accurately recognize
our French speech data and avoid speaker biases (Hickman
et al., 2024). We thus chose the OpenAI Whisper (large-v2)
(Radford et al., 2023), which is a sequence-to-sequence ASR
model pretrained on an enormous amount of online available
speech data from diverse speakers, styles (e.g., accent), and
languages. Although it is not suitable for forced alignment,
it stands among recent ASR systems with the lowest error
rates (Hickman et al., 2024). There were discrepancies in
the text normalization scheme (e.g., how the numbers and
filler words were transcribed) between Whisper transcripts
and ours, which contributed to extra “errors”. By running
Whisper on the audio segments, we nevertheless obtained a
total character error rate of 16.0% between the ASR and hu-
man transcripts. This low error rate (close to the 13.9% error
rate on Common Voice v3 (Radford et al., 2023)) further ver-
ifies the forced alignment results, since the spoken content of
each segmented clip will match the transcript only when the
segmentation (decided by the starting and ending timestamp
of each utterance) is accurate.

Modeling

Model Building

We formulated this interview analysis as a multiclass clas-
sification task under supervised ML, based on a pipeline
combining multiple pretrained DL models. We followed
standard ML practice to partition our data randomly into
8:1:1 training, validation, and testing subsets based on in-
terviews and their conditions (Goodfellow et al., 2016a). Ut-
terances from the same interview were grouped in the same
subset, and FTF interviews and AVIs were assigned to the
subsets in a balanced ratio. For the classification of utter-
ance types, we focused on predicting the label of each utter-
ance individually. Therefore, the task was simplified as stan-
dard supervised learning by fine-tuning pretrained models to
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predict the labels of certain shorter text or audio utterances.
This task was developed in three stages, baseline, informa-
tion enrichment and context enlargement. An overview of
the pipeline is illustrated in Figure 3.

Baseline assessments

We distinguish two types of modeling, depending on the
availability of ground truth transcripts. Human transcript-
based models are trained and evaluated using human tran-
scripts, while audio-based models are trained with human
transcripts but evaluated using audio data converted to ASR
transcripts. We then created three different labeling schemes:
The first scheme involves fine-grained labeling, which distin-
guishes the ten human-coded categories (i.e., SS, STA, SR,
PS, PTA, PR, VO, JS, SD, and OR). The second scheme,
combining non-narratives, merges VO, JS, SD, and OR la-
bels into a generalized OR category, reducing the total num-
ber of categories into seven. The third labeling scheme,
coarse-grained labeling, merges the SS/STA/SR into a sin-
gle S category and PS/PTA/PR into PS, resulting in the most
simplified three-way classification.

Information Enrichment

We used two techniques to enrich the training of audio-
based models with audio information. The first technique
is ASR mixing, which involves mixing samples of human
transcripts and ASR transcripts during training. Although
Whisper ASR (large-v2) is fairly accurate, the automatic sys-
tem can produce errors compared to the ground truth human
transcripts, which will mislead the model. Even if we do
not count the errors, there are still differences in transcrib-
ing style (e.g. regarding punctuation). These discrepancies
lead to domain mismatch of the model inputs between train-
ing and evaluation. Such mismatch may reduce performance
(Goodfellow et al., 2016b), but can be alleviated by training
the model on both the source (human) and the target (ASR)
transcripts to better adjust the model to tolerate ASR tran-
scription inputs. The second technique used audio inputs,
directly injecting the corresponding audio segment extracted
by forced alignment into the model, creating a joint speech-
language model, so that paraverbal or nonverbal cues missing
in the transcripts can be accessed by the model. In this case,
we leveraged the pretrained Wav2Vec2 as an audio encoder
to extract audio features which are then concatenated with
the text inputs as the input sequence to the text model.

Context Enlargement

To enlarge utterance context, we tested two techniques:
coalescence and expansion. Coalescence involves merging
adjacent utterances of the same type. Since utterance seg-
mentation is often relatively fine-grained, we can merge ad-
jacent short utterances (< 2 sec) in each interview based on

the forced alignment results. To do this, we locate the short-
est utterance at each instance using a priority queue and then
coalesce it with the neighboring utterance (with < 1-sec gap)
of the same type on the left or right side. This allows for
the absorption of a short utterance into a longer one or the
merger of multiple short utterances into a longer one, result-
ing in more information being available within each new “ut-
terance” (see Figure 4, b-c). Under the original fine-grained
labeling scheme, there are limited adjacent utterances with
the same label. Hence, we limit this approach to the coarse-
grained labeling case. In this way, the mean length of the
utterances can be increased from M = 11.86 words (SD =
5.89) or M = 4.35 sec (SD = 2.66) to M = 35.50 words (SD
= 18.70) or M = 12.78 sec (SD = 6.28). Nevertheless, it
should be noted that it requires pre-known information about
the type of each utterance, which would not be available in
real situations.

Expansion is an alternative way to feed the context di-
rectly into the model. We provide the model with a longer
segment of the interview comprising the target utterance and
a short part of context before and after it. We use a pair of
special tokens <s> (Begin-of-Sequence) and </s> (End-of-
Sequence) to enclose the target utterance within the input to
specify the actual target to be classified. With this method,
a broader context containing various types of utterances can
be included (see Figure 4, d). Specifically, for each target
utterance, we included the adjacent utterance before or after
the target utterance, starting with the shorter one, so as to
cover a context of 15∼25 sec with at least 5 sec on each side.
FTF interviews involved dialogues between participants and
the recruiter, thus also including the interviewer’s speech. In
this case, for consecutive utterances from one speaker, the
exact speaker was indicated to the model (e.g., “CA” for par-
ticipants). Also, multiple questions were included in FTF
interviews and AVIs. When the target utterance is part of
the answer to a specific question, the part regarding other
questions might not be relevant and should not be included
in the context. Therefore, we assumed that in a FTF inter-
view a new question starts whenever the interviewer makes
a long statement introducing the next question. As for AVIs,
we knew exactly when a new question started as it was on the
screen. In both cases, the iterative expansion on either the left
or the right side stops when the presumed question boundary
is touched, so as to avoid including responses to other ques-
tions. In this way, prediction on each utterance may leverage
an expanded context of various types of utterances, with M
= 19.10 sec (SD = 2.70) or M = 58.83 words (SD = 11.24).
Furthermore, this approach allows the model to classify any
interview segment with minimal dependence on pre-known
information about how the utterances are segmented and la-
beled.
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Figure 3

Training and Evaluation Pipeline for Predicting Utterance Types from Interview Recordings
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Note. In the transcript-based modeling, the ground-truth human transcripts are used as the sole input for fine-tuning as well as evaluating the
pretrained multilingual RoBERTa model; while in the audio-based modeling, human transcripts are still used in training, but transcription by
the ASR system, Whisper, becomes the basis of evaluation. Furthermore, in the information enrichment with ASR Mixing, ASR transcripts
are also used during training. In addition, the audio inputs may be directly processed by the neural model via Wav2Vec2 as an audio encoder.

Figure 4

Examples of Context Enlargement Techniques with Different
Labelling Schemes

SS SS SS STA VOORI

SS VOORI

S ORORI

SS SS SS VOORI

(a)

(b)

(c)

(d)

......

...

STA

STA

STASTA

Note. (a) Only the target utterance (indicated by the utterance with
the red border, with label Story: Situation) is provided; (b) Coa-
lescence: adjacent utterances of identical label are coalesced and
classified together; (c) In addition to (b), a more coarse-grained
labeling with only three different types (Story/Pseudo-Story/Other
Responses) is used, hence the SS and STA utterances can be coa-
lesced; (d) Expansion + Audio inputs: longer context around the
target utterance with various labels is provided; in addition, the cor-
responding audio segment is also provided. I indicates an utterance
spoken by the interviewer, which may serve as a boundary between
questions.

Model implementation

We use current pretrained language models in our system.
For handling text inputs, the model is based on RoBERTa

(Liu et al., 2019). RoBERTa is an encoder-only model
trained on web texts using masked language modeling. It
can be adapted to various downstream language tasks, text
classification in our case for example, by fine-tuning it with
an extra linear layer stacked upon the encoded feature corre-
sponding to a special token preceding the input text, termed
[CLS]. For this task with inputs in French, we used XLM-R,
the multilingual version of RoBERTa (Conneau et al., 2020)
trained upon data in 100 languages, French included. The
model is fine-tuned using Adam optimizer of learning rate
2E-5, with linear warm-up in 500 steps followed by inverse-
power learning rate decay, as decided by a grid search. To ac-
commodate the model in a single 16GB V100 Graphing Pro-
cessing Unit (GPU) while avoiding inefficient padding, we
use dynamic batching with around 44 samples per batch in
average. We then chose the checkpoint with best validation
accuracy, and report the validation and test results (Goodfel-
low et al., 2016a).

In the case of audio-based modeling, the large-v2 ver-
sion of Whisper is used as the ASR system to transcribe the
recordings for its reported superior performance. Further-
more, instead of relying on ASR transcripts (i.e., indirectly
using the audios), we may also allow the model to directly
process the audio recordings. To handle audio inputs, we
chose the Wav2Vec2 (Baevski et al., 2020) as the basis of
our audio encoding module, which is pre-trained on a similar
masking-contrastive objective but upon raw audio. In partic-
ular, we leveraged its multilingual version XLSR (Conneau
et al., 2021) to handle French speech. We observed that the
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training failed to converge when we tried to fine-tune both the
audio encoder and the stacked text model (i.e., RoBERTa).
Therefore, we used the audio encoder as a feature extractor
and to additionally concatenate the audio features after the
embeddings of the textual inputs as an audio prompt for the
text model. The speech models (i.e., Wav2Vec2 and Whis-
per) are frozen during training, and only the RoBERTa-based
text model is updated. We also found out that it is difficult
to train the models initialized from the original pretrained
RoBERTa. Instead, we fine-tune the model initialized from
the text-only response classification built above. Following
common BERT-like practice, we leveraged the final layer
features of the audio encoder; nevertheless, it has been found
that higher layer features represent more semantic cues but
lose paralinguistic ones from lower layers. Therefore, we
attempted the technique of Layer Mixing with features from
different layers averaged using a learnable weight vector, ini-
tialized as naive average pooling but updated during the fine-
tuning (Pepino et al., 2021), which improves the performance
on speech classification tasks.

Results

We present our results after training the models for various
techniques. Since the dataset is highly imbalanced (see Fig-
ure 1), we report our results using both accuracy and macro-
F1 score to measure the model’s performance in each setup.
The macro-F1 score addresses the imbalance issue by cal-
culating the average of the F1 score on each class. In this
way, the performance of the model on less frequent types is
better represented. The results on the evaluation (i.e., both
validation and test sets) are reported in Table 2.

Baseline Assessments

Results for human transcripts showed satisfying perfor-
mance in the test set on all three labeling schemes, includ-
ing the most challenging 10-way fine-grained labeling with
63.65% accuracy and 51.41% macro-F1. The performance
was further increased when combining non-narratives (accu-
racy difference: +2.32%; macro-F1 difference: +5.5%) and
even more with the coarse-grained labeling scheme (accu-
racy difference: +8.69%; macro-F1 difference: +17.82%).
The confusion matrix in the human transcript-based model
with the fine-grained labeling scenario (see Figure 5) con-
firmed that the model had trouble distinguishing several cat-
egories (e.g., VO vs JS, VO vs OR, STA vs SR). The compar-
ison between human transcript-based and audio-based mod-
els showed that the performance of audio-based models was
consistently lower across all labeling schemes (accuracy dif-
ference range: from -1.73% to -1.86%; macro-F1 difference
range: from -0.39% to -1.34%). However, the gap is nar-
rowed as the performance of audio-based models improved
considerably from fine-grained labeling to combining non-
narratives (accuracy difference: +2.19%; macro-F1 differ-

Figure 5

Confusion Matrix Predicted vs True Labels for Human
Transcript-Based Fine-Grained Labeling

Note. Distinguishing labels like VO and JS is challenging.

Figure 6

Normalized Attention Weights in Fine-Grained + Audio Input
Model Evaluation

[CLS] Text Audio

[CLS] 3.63% 29.24% 0.46%

Text 1.55% 29.73% 2.06%

Audio 0.17% 16.11% 17.06%

[CLS] Text Audio

[CLS] 10.90% 87.72% 1.38%

Text 4.64% 89.18% 6.17%

Audio 0.50% 48.32% 51.18%

Note. Averaged over layers and heads from different part of the
inputs on each row to other parts in each column, with [CLS] the
classifier token that is used to produce the final prediction. The
[CLS] token and the text part puts little attention weight on the au-
dio part, and most attention weights for the [CLS] are placed on the
text part of the inputs.

ence: +4.71%) and further to coarse-grained labeling (accu-
racy difference: +9.54%; macro-F1 difference: +17.98%).

Information Enrichment

Applying ASR mixing in audio-based models during
training led to slight improvements in the more challeng-
ing fine-grained labeling schemes compared to the audio-
based fine-grained labeling model trained on human tran-
scripts only (accuracy difference: +0.33%; macro-F1 dif-
ference: +2.66%). But it was less effective with combin-
ing the non-narrative (accuracy difference: +0.79%; macro-
F1 difference: +0.02%) and coarse-grained labeling (accu-
racy difference: -0.14%; macro-F1 difference: -0.14%) cases
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Table 2

Validation and Test Accuracy/F1 Scores For Baseline Assessment, Information Enrichment and Context Enlargement
val. acc. val. F1. tst. acc. tst. F1.

Human Transcript-based

Fine-grained Labeling 59.83 50.39 63.65 51.41
Combining Non-narratives 62.25 52.61 65.97 56.91
Coarse-grained Labeling 70.16 65.23 72.34 69.23

Audio-based

Fine-grained Labeling 56.77 50.24 61.92 50.86
+ ASR Mixing 57.35 51.28 62.25 53.52 ↑
+ Audio Inputs 57.06 50.43 61.79 50.76
+ ASR Mixing 57.30 49.40 62.39 52.81
+ Layer Mixing 56.87 51.15 61.92 51.24

Combining Non-narratives 59.29 50.25 64.11 55.57
+ ASR Mixing 59.49 51.56 64.90 55.59
+ Audio Inputs 59.44 52.07 64.76 55.69
+ ASR Mixing 59.24 52.40 ↑ 64.53 55.49
+ Layer Mixing 59.34 51.85 64.85 55.61

Coarse-grained Labeling 68.12 63.88 71.46 68.84
+ ASR Mixing 67.25 62.82 71.32 68.70
+ Audio Inputs 68.12 64.17 74.09 ↑ 72.16 ↑
+ ASR Mixing 66.47 62.28 72.38 70.04
+ Layer Mixing 68.12 63.88 71.87 69.32

w/ Coalescence

Coarse-grained Labeling 69.19 63.97 72.56 69.96
+ ASR Mixing 70.27 ↑ 65.21 71.87 69.58
+ Audio Inputs 69.05 63.20 73.12 70.85 ↑
+ ASR Mixing 71.35 ↑ 65.63 72.56 70.28

w/ Expansion

Fine-grained Labeling 65.36 ↑ 51.35 68.62 ↑ 53.16 ↑
+ ASR Mixing 65.26 ↑ 50.81 67.60 ↑ 53.71 ↑
+ Audio Inputs 65.31 ↑ 53.40 ↑ 69.35 ↑ 54.12 ↑
+ ASR Mixing 65.60 ↑ 50.91 67.21 ↑ 53.16 ↑

Combining Non-narratives 66.91 ↑ 55.58 ↑ 70.57 ↑ 54.72
+ ASR Mixing 66.57 ↑ 54.56 ↑ 71.46 ↑ 58.92 ↑
+ Audio Inputs 66.62 ↑ 55.30 ↑ 70.14 ↑ 54.62
+ ASR Mixing 66.23 ↑ 54.32 ↑ 71.12 ↑ 59.42 ↑

Coarse-grained Labeling 72.97 ↑ 68.74 ↑ 77.22 ↑ 74.77 ↑
+ ASR Mixing 73.80 ↑ 70.35 ↑ 77.45 ↑ 75.39 ↑
+ Audio Inputs 72.63 ↑ 68.84 ↑ 76.56 ↑ 74.39 ↑
+ ASR Mixing 74.14 ↑ 70.42 ↑ 77.67 ↑ 75.56 ↑

Note. Results are in %. In each scenario and labeling scheme, the highest results across different informationenrichment techniques are
underlined. We also bold the results for a technique when it is better compared with the corresponding baselines: In the Audio-based
experiments, the results for a specific technique is compared with the one without it (e.g.,+ Audio Inputs + ASR Mixing is compared with
+ Audio Inputs). In the context enlargement (coalescence/expansion) experiments, one is compared with the Audio-based results with the
same enrichment technique but without context enlargement. We further put an ↑ for models with >2% improvements compared to the
baseline under the scenario and labeling scheme without any extra enrichment or enlargement. Abbreviations: val. = validation, tst. = test,
acc. = accuracy, F1. = macro-F1
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compared to their respective audio-based models without
ASR mixing. Enriching the model with audio inputs in the
training phase improved performance in the more coarse-
grained labeling case compared to the coarse-grained label-
ing audio-based model without audio inputs (accuracy dif-
ference: +2.63%; macro-F1 difference: +3.32%). How-
ever, it did not improve performance in the fine-grained la-
beling (accuracy difference: -0.13%; macro-F1 difference: -
0.10%) and combining non-narratives labeling (accuracy dif-
ference: +0.65%; macro-F1 difference: +0.12%) when com-
pared to the audio-based models without direct audio inputs
under their respective labeling scheme. Since the predic-
tion is made upon the features corresponding to the [CLS]
token which aggregates the information from the whole in-
puts using an attention mechanism with an attention weight
assigned to each part of the input, we were able to deter-
mine the importance of each part of the input for making the
prediction by the weight. The normalized attention weights
extracted from this model confirmed that the [CLS] token
and the transcript part (human or ASR) placed little attention
weight on the audio part (see Figure 4). Instead, most atten-
tion weights for the classifier token [CLS] were placed on
the text part of the input. Moreover, the attention weight on
the audio part gradually decreased during the training pro-
cess, indicating that, for making the prediction, the model
learned to put more focus on the texts and less focus on the
audio. Therefore, the information learned from the audio by
the model was of limited relevance for making the predic-
tion, and a pipelined analysis via ASR transcripts can already
achieve performance very close or even better that the the
model directly processing audios.

We continued to investigate whether combining the audio
inputs with other enrichment approaches (i.e., ASR mixing
or layer mixing) leads to better performances. Combining
the audio inputs with ASR mixing in the training phase sel-
dom improved the models’ performance, regardless of the la-
beling schemes. When compared to their respective labeling
schemes audio-based models with only audio inputs enrich-
ment, the accuracy differences range from -1.71% to 0.60%
and macro-F1 difference range from -2.12% to +2.05%. Per-
formance when combining the audio inputs with layer mix-
ing in the training phase never deviated much from the audio-
based models with audio inputs under their respective label-
ing schemes but without layer mixing (accuracy difference
range: from -0.51% to 0.32%; macro-F1 difference range:
from -1.57% to 0.12%). To summarize, enriching the model
with ASR Mixing or Audio Inputs may improve the perfor-
mance, depending on the labeling scheme, though combining
them shows limited help to the model.

Context Enlargement

Coalescence improved performance in all scenarios of
coarse-grained labeling compared to the original audio-based

models trained without context enlargement (accuracy dif-
ference range: from +0.18% to +1.1%; macro-F1difference
range: from +0.24% to +1.12%), except for model with au-
dio inputs solely (accuracy difference: -0.97%; macro-F1
difference: -1.31%). The performance of models trained with
expansion consistently outperformed almost all the scenarios
compared to the original audio-based models (accuracy dif-
ference range: from +2.47% to +7.56%; macro-F1 differ-
ence range: from -1.07% to +6.69%), with the most signif-
icant improvement in fine-grained labeling cases. Specifi-
cally, the models reached the best results when either audio
inputs, ASR mixing, or both were leveraged, with as high as
69.35%, 71.46%, and 77.67% test accuracy and respective
54.12%, 58,92% and 75.56% macro-F1 on the three labeling
schemes respectively.

Discussion

This research explored the possibility to detect appli-
cants’ storytelling-related labels from their audio-recorded
responses using DL models, which pave the way for devel-
oping systems integrating AI-powered automatic feedback
on applicants’ responses to past-behavior questions. After
collecting a unique suite of AVI and FTF interview data
and building a specialized data pre-processing pipeline, we
designed and experimented on multiple DL systems to ad-
dress the unique challenges inherent to this specific spoken
language understanding task, including amongst other com-
plexity of semantic understanding, errors in ASR, and short
utterances with small contexts. The models were built (1)
based on audio recordings vs. human transcript-based mod-
els as a reference point, using different labeling schemes
(i.e., fine-grained labeling, combining non-narrative, coarse-
grained labeling), (2) enhanced by information enrichment
techniques (i.e., audio inputs, ASR Mixing, and layer mix-
ing), and (3) enhanced by context enlargement techniques
(i.e., coalescence or expansion).

We first investigated how human transcript-based and
audio-based models compare in their prediction perfor-
mance. Although it is an unrealistic option to use human
transcript-based models, their predictions were more accu-
rate than their audio-based model counterparts, regardless
of the labeling schemes. The performance of both models
increased as the more coarse-grained labeling scheme was
adopted and the number of labels to be predicted was re-
duced. These findings evidence two essential aspects. First,
human transcript-based models outperform the simple audio-
based models without extra improvement techniques, which
is not surprising due to errors and domain shift from ASR
transcripts. Second, reducing the number of labels can help
models focus on the discrepancies we care more about (here,
storytelling) while avoiding some training difficulties. More-
over, merging some categories (e.g., story vs. pseudo-story
vs. other utterance type) may be acceptable for practical
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needs. These findings underscore the need to reduce the
number of labels to predict and to introduce more sophis-
ticated modeling techniques in the training phase to address
the challenges in this task for better performance.

Then, we delved into different information enrichment
scenarios, such as ASR mixing, audio inputs, and layer mix-
ing, to see how they affect the audio-based models’ perfor-
mance. Our findings revealed that ASR mixing (i.e., mix-
ing human and ASR transcripts in the training phase) could
slightly enhance the models’ performance, especially when
dealing with numerous imbalanced labels (fine-grained la-
beling). This can be explained by the fact that mixing data
more similar to actual evaluation data may alleviate domain
shift (Goodfellow et al., 2016b), which is harmful to the per-
formance. Injecting audio inputs to the model can also lead
to some performance improvements in the coarse-grained la-
beling case, while combining both approaches or with layer
mixing fail to reliably improve the results. Notably, using di-
rect audio inputs will considerably increase the model com-
plexity and computational costs, which overshadows the ne-
cessity of this technique. The small performance difference
between the models with and without direct audio inputs sug-
gests that this particular task of storytelling-related classifi-
cation can be mostly resolved with semantic understanding
from verbal cues without paralinguistic cues. This is not sur-
prising due to the nature of this storytelling analysis task,
coded based on the text transcripts. This aligns with prior
research evidencing that the text is essential in predicting ap-
plicants’ personality or interview outcomes (Koutsoumpis et
al., 2024). However, this may not hold true for more chal-
lenging tasks in interview analysis where paralinguistic or
nonverbal cues (e.g.,emotion, intonation) play a role. These
findings call for further exploration and refinement of these
models and enrichment techniques, while considering their
relevance to specific tasks.

Lastly, we addressed the issue of short context in utter-
ances using two techniques to expand the context. Our find-
ings showed that the coalescence technique is beneficial to
the model performance, while injecting more context us-
ing the expansion technique improved the models’ perfor-
mance even more. However, coalescence requires knowl-
edge about the labels that could not be readily available in
practice. Therefore, it may be optimal to use the expan-
sion technique for context enlargement, which outperforms
all models, including human transcript-based models. These
results support the idea that contextual information is essen-
tial for higher performance in predicting the labels. Never-
theless, modern transformer-based models notoriously suffer
from quadratic computational costs (Vaswani et al., 2017).
This means that the time and space costs grow quadratically
with the input length. Introducing longer context, despite
allowing more information to be used for prediction, may
bring marginal improvement to the performance at a much

higher computation cost, as distant context is often irrele-
vant. Moreover, processing an input of a few thousands of
words or minutes of audio may already exhaust the memory
of a modern GPU. A balance between the computational re-
sources and the context length can be critical in this area.

Research and Practical Implications

This study holds both research and practical implications.
Firstly, it offers new perspectives in job interview train-
ing by demonstrating the feasibility of delivering automati-
cally generated feedback tailored to participants’ specific re-
sponses. This may serve as a complement to traditional time-
consuming and expensive coaching (Brosy et al., 2020; Lin-
Stephens et al., 2022; Ralston et al., 2003). Such training
may thus enhance the efficiency and accessibility of inter-
view preparation for applicants.

Secondly, it sets the stage for using state-of-the-art pre-
trained language models for automatic semantic analyses
of storytelling in job interviews, which is an area yet to
be explored. Beyond, the application of DL techniques
shows promise by enabling the identification of applicants’
more complex verbal behaviors from audio recordings. This
broadens the scope of previous research predicting inter-
view aspects (e.g., hirability or personality) based applicants’
weak verbal, paraverbal and nonverbal behaviors using vari-
ous statistical and ML approaches (Chen et al., 2017; Hick-
man et al., 2022; Holtrop et al., 2022; Naim et al., 2015;
Nguyen et al., 2014; Rupasinghe et al., 2016).

Thirdly, this study demonstrates approaches to building
a robust pipeline to predict job interview-related tasks from
audio inputs directly, involving data pre-processing, forced
alignment, ASR, and direct audio modeling. It proposes and
tests multiple techniques for creating audio-based models
that can effectively managing audio-related issues like disflu-
ent speech, noise, and overlapping voices, and reliably make
predictions from audio recordings in practical scenarios.

Limitations and Future Research

Nevertheless, our study faces some limitations. The first
limitation of this study resides in its experimental approach.
The data was collected in a laboratory setting where power-
ful microphones were used and placed close to the partici-
pants. Thus, we had high-quality audio recordings with mi-
nor external noises. In real-life situations, the audio quality
may not be as good as in our laboratory settings, which may
harm the ASR accuracy and the prediction quality. Future
research should investigate how these models perform with
lower-quality audio recordings and possibly introduce sce-
narios that build robust models that focus more on the target’s
voice instead of noises.

A second limitation is that we are confined to a specific
narrow task of storytelling detection in job interview anal-
yses. Although producing stories contributes to applicants’
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higher interview performance and hirability, other aspects of
stories may also play a role. For example, the positive effect
of stories may be limited by the quality of their delivery (e.g.,
paraverbal and nonverbal behaviors). However, our models
did not address such aspects because including more factors
would have made the models more complex. Therefore, fu-
ture work should further explore the more detailed automatic
analysis of storytelling, including other aspects of the story-
telling behavior.

A third limitation is that the models investigated in this
study are still at the exploratory stage and, therefore, not
yet adequate to integrate them into coaching platforms for
real-time feedback as some software do for nonverbal behav-
iors (Gebhard et al., 2018; Hoque et al., 2013). With our
analysis limited to storytelling classification on each single
utterance, we are using textual models with relatively short
context length, which is another limitation of our research.
It exceeds the capabilities of such models to have a global
view on the whole interview process. A critical direction of
further research would be developing more advanced models
that are capable of handling such long inputs efficiently.

Conclusion

AVIs offer a unique opportunity to provide automated per-
sonalized feedback in job interview coaching, directly from
the audio-recorded responses, in a time-and cost-efficient
manner. While such models are not yet widely available,
our developed DL models have shown promise in predicting
components of optimal (e.g., storytelling) and less optimal
(e.g., pseudo-stories) responses from FTF and AVI audio re-
sponses. As such models are in their infancy, future research
should develop more advanced models capable of handling
longer audio inputs and process aspects of utterances other
than semantics.
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