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Abstract
This study developed a Human-Centered Technology Acceptance Model (HC-TAM) for recruitment chatbots, integrating
aspects of the traditional Technology Acceptance Model (TAM)(Davis in 1989) with a focus on human-centered factors such
as transparency, personalization, efficiency, and ethical concerns, alongside the fundamental TAM constructs of perceived
ease of use and perceived usefulness. The study shows that the intention to use technology is influenced by their perceptions of
its usefulness and ease of use. By extending TAM to include human-centered considerations, this research aimed to capture the
diverse factors that significantly influence users’ acceptance of chatbots in the recruitment process. A three-phase study has
been carried out, each serving a distinct purpose. (a) Phase 1 focuses on defining primary themes through qualitative interviews
with 10 participants, laying the foundation for subsequent research. (b)Building upon this foundation, Phase 2 engages 28
participants in a refined exploration of these themes, ending in a comprehensive landscape of user perspectives. (c) Finally,
Phase 3 employs rigorous Structural Equation Modeling for theoretical framework examination, yielding critical constructs
and hypotheses. Moreover, Phase 3 encompasses the thorough development of measurement instruments and extensive data
collection, involving 146 participants through questionnaires, the study found that the acceptance of recruitment chatbots is
significantly enhanced when these systems are designed to be transparent, provide personalized interactions, efficiently fulfill
user needs, and address ethical concerns. These findings contribute to the broader understanding of technology acceptance
in the context of recruitment, offering valuable insights for developers and designers to create chatbots that are not only
technically advanced but also ethically sound, user-friendly, and effectively aligned with human needs and expectations in
recruitment settings.
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1 Introduction

The landscape of modern recruitment is undergoing a pro-
found transformation, driven by technological advancements
that have introduced innovative solutions like chatbots pow-
ered by Artificial Intelligence (AI) and natural language
processing [1]. These conversational agents offer an effi-
cient means of engaging with candidates and streamlining
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various aspects of the job-seeking journey [2, 3]. Recogniz-
ing their potential, job seekers and recruiters are increasingly
embracing chatbots to revolutionize traditional hiring prac-
tices, marking a paradigm shift toward a more tech-savvy
and efficient recruitment ecosystem [4]. Despite the achieve-
ments ofAI systems, there remains a need for them to acquire
skills closer to human intuition and intellect for establishing
dependable human–machine collaboration [5, 6]. Human-
CenteredAI (HCAI) solutions aim to ensure the effectiveness
of AI systems while considering societal impacts, human-
AI interaction, and ethical considerations [4, 7]. Companies
encounter challenges in recruitment and Human Resources
(HR) management practices due to factors like company per-
formance, global competition, and themisalignment between
skill demand and availability. Likewise, job seekers face
difficulties in finding roles that align with their skills and
experience [8].
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Chatbot-based communication systems emerge as a prom-
ising area within AI capable of exhibiting empathy and
enhancing human-AI interaction, ultimately boosting task
productivity in knowledge work [9]. The future of chat-
bots in knowledge work requires collaborative approaches
where humans and AI systems work closely together [10–
12]. However, concerns persist regarding the risk of AI
systems making unpredictable decisions or predictions that
may negatively impact the user experience (UX), includ-
ing issues like unfair treatment, discrimination, and privacy
violations [13]. HCAI solutions offer economic benefits
by aligning with user needs and fostering acceptance. The
Human-Computer Interaction (HCI) community is urged to
develop a detailed HCAI solution that incorporates ethical
considerations and technology, emphasizing the importance
of explainable, understandable, useful, and usable AI to
enhance people’s lives and contribute to a better future for
society [14].

This study extends the original Technology Acceptance
Model (TAM) [1] by incorporating human-centered (HC)
factors, which have been identified as crucial through mixed
methods in this research for the acceptability of technology,
specifically recruitment chatbots. TAM serves as the foun-
dation for this study. Initially developed by Davis in 1989,
TAM is a widely recognized theoretical model in the field of
information systems. The core elements of TAMare centered
on perceived usefulness, signifying the belief that a system
enhances job performance and perceived ease of use, indicat-
ing the perception that system usage requires minimal effort
[15]. This improvedmodel emphasizes the alignment of tech-
nology with user needs, greatly enhancing its acceptance. By
integrating HC factors within the TAM research model, this

Fig. 1 The structured study approach

study provides a structured method to understand how indi-
viduals perceive and intend to use technology, focusing onAI
and chatbots. This approach is fundamental to ensure that AI
is explainable, useful, and adheres to ethical standards [16].
By including human-centered design in the development of
chatbots, directing to creation of technology that resonates
with user needs for long-term success. This study employs a
multi-phased approach, blending qualitative and quantitative
analyses, to thoroughly understand the dynamics of chatbot
acceptance among job seekers and recruiters, thus providing
a detailed understanding of technology acceptance in recruit-
ment [8]. The structured approach of the research study, as
depicted in Fig. 1, encompasses three main phases with spe-
cific objectives and methodologies (see Table 1).

Section 2 delves into the theoretical background, laying
the foundation by discussing recruitment chatbot acceptance
in the global market and extending the TAM Framework.
Section 3 describes the research methodology, detailing the

Table 1 Phases of the multi-methods recruitment chatbot acceptance research

Phase Aim Tools Analysis Outcomes and findings

Phase 1 (pilot)
Qualitative

Defining main themes to
structure and adjust the
following interviews and
questionnaires

10 semi-structured in
-depth interviews based on
a topic guide

Thematic content analysis Main themes for construct-
ing the interviews’ topic
guide and the question-
naires in phase 2

Phase 2 Qualitative To further define and
describe the main themes
until saturation

28 single semi-structured
in-depth interviews repre-
sentative citations focused
on themes and chose
quotes describing those
themes

Thematic content analysis
with NVivo

Main theme analysis

Phase 3- HC-TA model development (3a) and quantitative (3b)study- comprehensive study of research model development

Phase 3a (Research)
Model development

Investigate the theoreti-
cal framework (HC-TAM)
and factors influencing

Smart-PLS for structure
equation Modeling

Statistical analysis using
Structural Equation Mod-
eling (SEM), correlation
analysis

Key constructs and
hypothesis

Phase 3b Quantitative Measurement develop-
ment, and data collection

146 sectional research
paired questionnaires

Descriptive statistics,
Cronbach’s alpha for
Internal reliability

Frequencies and percent-
ages of quantitative vari-
ables
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study’s approach from qualitative analyses to the develop-
ment of the Human-Centric Technology Acceptance Model
(HC-TAM). Subsections elaborate on each methodology
phase, from initial studies to model development. Section
4 discusses the implications, offering insights into theo-
retical and practical findings. Lastly, Section 5 addresses
the study’s limitations and proposes directions for future
research, highlighting the importance of further investiga-
tions into recruitment chatbots’ acceptance and effectiveness.

2 Theoretical background

This section discusses the shift from traditional recruitment
practices to the integration of AI chatbots, highlighting the
global market’s growing acceptance of these technologies. It
further discusses the Technology Acceptance Model (TAM)
as a foundational theory for evaluating the adoption and
effectiveness of chatbots in enhancing recruitment processes,
underscoring the importance of understanding user percep-
tions and the technological advancements that have shaped
current recruitment strategies.

2.1 Frommanual screening to AI chatbots:
the evolution of recruitment practices

In the early 20th century, recruitment was predominantly
manual, with job seekers submitting typed resumes and
recruiters conducting in-person interviews [17]. This local-
ized process relied heavily on paper resumes and face-to-
face assessments [18]. Post-World War II, staffing agencies
emerged,maintaining paper records tomatch candidateswith
jobs, though the process remained localized [19].

The digital revolution transformed recruitment from the
1960s to the 1980s, with the introduction of mainframes,
databases, and applicant tracking systems (ATS), allowing
for digital resume storage and keyword-based searches. This
era marked a significant leap in productivity through the
automation of basic screening questions [20, 21].

The 1990s internet era further revolutionized recruitment,
with online job boards like Monster enabling a global search
for candidates [22]. However, traditional screenings and
interviews continued to play a vital role [23]. The advent of
social media platforms like LinkedIn in the 2010s changed
the game by facilitating connections with candidates and
sourcing passive talent, highlighting the shift toward more
interactive and widespread recruitment strategies [1].

Recent years have seen the rise of recruitment chat-
bots, beginning with early pioneers like FurstPerson’s (Now
named as harver1), a virtual interviewer in 2006, aimed at
automating candidate screening [24]. The development of

1 https://harver.com

chatbots, driven by advances in natural language process-
ing (NLP), has seen significant milestones, such as Wade
& Wendy2 in 2014, introducing AI chatbots for engaging
and screening candidates, and Mya3 in 2016, with advanced
conversational capabilities for scheduling interviews and
automating tasks [25]. The evolution from basic automation
to sophisticated AI-driven chatbots by the mid-2010s, exem-
plified by the introduction of specialized recruiting chatbots
like Paradox’s Olivia,4 marks a significant transformation
[26]. The 2020s have seen accelerated adoption, driven by
the COVID-19 pandemic, with AI and NLP advancements
enhancing chatbot capabilities, integrating seamlessly with
ATS, and providing data-driven insights for talent acquisition
[27].

Today, recruitment chatbots play a crucial role in engaging
candidates, initial screening, and enhancing efficiency,mark-
ing a shift from manual processes to an era of sophisticated,
AI-driven recruitment strategies [1]. This evolution under-
scores the ongoing pursuit of more efficient, effective ways
to identify and select talent, with platforms like LinkedIn and
advanced chatbots reshaping recruitment practices.

2.2 Recruitment chatbot acceptance in the global
market

The recruitment chatbot encompasses the growing adop-
tion and effectiveness of chatbots in the recruitment pro-
cess across various global markets [1]. Chatbots, designed
to simulate human conversation, have become integral in
streamlining the recruitment process, significantly reducing
the time taken to interact with and evaluate many appli-
cants. The COVID-19 pandemic significantly accelerated the
adoption of recruitment chatbots as universities, commercial
enterprises, and governments sought efficient remote recruit-
ment solutions [28, 29]. The demand for these chatbots is
driven by their ability to integrate AI, IoT, and ML tech-
nologies, enhancing communication between job seekers and
employers through conversational user interfaces via SMS
and website [30, 31]. However, the lack of standardization in
human interaction remains a challenge, hampering the mar-
ket growth of recruitment chatbots.

In the realm of chatbots, various solutions cater to spe-
cific business needs, ranging from chatbot frameworks for
developing small-scale or bespoke solutions, like Chat-
bot4U and JobAI, to major international platforms, such as
IBM Watson and Google’s Dialogflow. Stand-alone chat-
bot solutions are often standardized yet flexible, suitable
for high-volume applications [29]. For instance, XOR’s5

2 https://www.wadeandwendy.ai/
3 https://www.thestepstonegroup.com/en/mya/
4 https://olivia.paradox.ai/
5 https://xor.ai/ai-chatbots/
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recruiting chatbot significantly speeds up recruitment and
screens more resumes efficiently. Mya Systems offers AI
chatbots that streamline the recruitment process. As evi-
denced by a case study, it notably reduced interview times
and recruiter costs [28].

Additionally, chatbot solutions are integrated into appli-
cant tracking systems and those developed in-house by
companies, providing a spectrum of options for businesses
seeking to implement chatbot technology [32]. Given the
significant role of chatbots in transforming the global recruit-
ment landscape, our study aims to explore the acceptance of
these chatbots among their primary user, job seekers, and
recruiters [33]. By gathering insights from these groups, we
aim to identify the factors influencing their acceptance or
reluctance to use chatbots in recruitment. This approach will
help identify and address potential gaps in the design and
application of recruitment chatbots, ensuring their effective-
ness and alignment with user needs and expectations in the
recruitment process.

2.3 Extending the TAM framework

The Technology Acceptance Model (TAM), initially devel-
oped by Davis in 1985 and later revised in 1989, draws upon
the Theory of Reasoned Action by Fishbein et al. in 1975. It
suggests that external factors, including media exposure and
social references, play a role in shaping individuals’ percep-
tions of the usefulness (perceived usefulness - PU) and ease
of use (perceived ease of use - PEOU) of technology. These
perceptions, in turn, influence their intentions to adopt the
technology, ultimately affecting their actual usage patterns
[15, 34].

PU refers to the extent to which users perceive technology
as beneficial and relevant to their daily lives [15]. It is often
a robust predictor of individuals’ intentions to embrace new
technology [15, 35, 36]. Conversely, PEOU reflects users’
perceptions of the simplicity of using a technological device
[15]. PEOU is generally considered to have a weaker impact
on technology acceptance than PU, primarily because it is
more relevant to the technical aspects of device usage, which
has become less critical as users have become more familiar
with technology in their daily routines [15, 34, 37]. However,
some studies have indicated that PEOUmay not significantly
predict behavioral intentions in specific contexts, particularly
when the technology is frequently used (e.g., mobile recom-
mendation applications; [38]). Furthermore, researchers have
extended the TAM by introducing additional variables, such
as trust and knowledge, to enhance its predictive capacity
[39].

While various research models exist, TAM’s reliability
and track record make it a preferred choice for organizations
aiming to enhance user experiences and streamline recruit-
ment processes. The model’s adaptability and versatility

are further evidenced by its frequent extension with addi-
tional variables, such as trust and knowledge, providing a
comprehensive understanding of the dynamics involved in
technology acceptance.

However, the selection of TAM in the final phase of
recruitment chatbot acceptance research stems from its
proven effectiveness, user-centric approach, and adaptabil-
ity to evolving technological landscapes. As organizations
navigate the integration of chatbots into recruitment pro-
cesses, TAM stands out as a valuable tool for gaining insights
into user perceptions, driving informed decision-making,
and ultimately facilitating the successful adoption of chat-
bot technology.

3 Researchmethodology

The study adopts a systematic methodology, illustrated in
Fig. 1, where it unfolds sequentially. The initial phase
builds upon a 2023 elicitation study that addressed the lim-
ited research on human-centered design in recruitment bot
development, employing semi-structured interviews with 4
recruiters and 6 job seekers on acceptance of recruitment
chatbots in the company [8]. The phase 1 initial interviews
from that study precisely refine emerging themes, establish-
ing a foundational exploration to ensure subsequent phases
are deeply rooted in the real-life experiences and perspectives
of participants. In the following phase, matched interviews
are conducted to delve into specific themes and explore
potential contradictions, enriching the depth of understand-
ing. Subsequently, questionnaires are employed to quantify
the broader acceptability of chatbots, extending insights to
a larger and more diverse audience. The findings from these
phases lay the foundation for the second part of the third
phase, wherein the TAM is harnessed for a theoretical anal-
ysis of chatbot acceptance. By integrating identified factors,
the aim is to transform TAM into a Human-Centric TAM.
This systematic progression ensures an ongoing and iter-
ative approach, with each phase contributing to a holistic
comprehension of recruitment chatbot adoption. Specifi-
cally, human-centric factors influencing the acceptability of
recruitment chatbots within companies will be identified to
develop a human-centric technology acceptance (HC-TAM)
research model that can serve as the basis for a Human-
Centric framework for AI technology.

3.1 Phase 1: a preliminary qualitative study

The initial phase of this study employed semi-structured
interviews, beginning with a specifically selected group of
ten participants, composed of six job seekers and four expe-
rienced recruiters. These participants were chosen based on
active engagement in job-seeking or recruitment. To enhance
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the diversity and relevance of the sample, snowball sampling
was utilized, asking each initial participant to refer colleagues
or peers who met the study criteria and might be interested
in participating. This approach allowed us to leverage their
professional networks to expandour participant pool dynami-
cally. Job seekers, all currently employed, ranged from recent
graduates to seasoned professionals, bringing diverse per-
spectives on the challenges and expectations of job searching
via digital platforms. Recruiters, with 7 to 12 years of expe-
rience, were selected for their comprehensive understanding
of recruitment processes, including candidate screening, job
listing, and hiring. Each referral from the snowball sampling
process was contacted via email. In these communications,
the study’s objectives were explained, and the value of con-
tributions toward developing a user-centered technological
solution was highlighted. This method proved highly suc-
cessful; every individual referred through snowball sampling
agreed to participate, demonstrating strong engagement with
the subject matter and a willingness to contribute to techno-
logical advancements in recruitment. The interviews began
with questions about participants’ backgrounds and experi-
ences and progressively focused on their use of recruitment
technologies, especially the features they found beneficial or
lacking. Follow-up questions delved into their interest in and

expectations from the human-centered chatbot being studied
(Script details are provided in Appendix A). The interviews
were audio-recorded and transcribed to accurately capture
the data, maintaining the privacy and confidentiality of all
participants. This phase aimed to gather feedback to refine
our chatbot design and enhance its performance, significantly
influencing the subsequent phases of the study [8]. The-
matic analysis revealed recurring patterns, resulting in 3main
themes and 16 subthemes, offering valuable insights into the
impact and acceptability of recruitment chatbots from both
job seekers and recruiters [8]. Table 2 presents the coded
themes and subthemes derived from the data analysis.

Discussion: The initial interviews were conducted to
gather insights from users that are part of the real-life
recruitment process and results emphasize the importance of
adopting a balanced, human-centered approach, advocating
for chatbots to complement rather than replace human capa-
bilities in recruitment processes [40]. The thematic analysis
from this phase of the study clarified a complex interplay
of insights, perceived impacts, and acceptability. This anal-
ysis offers a comprehensive view of how chatbot technology
connects with recruitment methods that prioritize human
interaction and needs. Through the identification of three
overarching themes and sixteen subthemes, the analysis shed

Table 2 Data codes, themes,
and subthemes emerged from
the Phase 1 thematic analysis

Codes Themes Subthemes

Experience, challenges, plat-
form usage

Insights a) Leveraging networks and experience
b) Overcoming challenges

c) Importance of understanding needs

d) Use of platforms and tools

e) Close partnerships

Recruitment chatbots, charac-
teristics, influence, instances

Perceived impact a) Chatbots as efficiency and time-
saving tools

b) Personalization

c) Limitations in nuance and complex-
ity

d) Accuracy and programming of chat-
bots

e) Data-driven screening as a benefit of
chatbots

f) Chatbots as user-friendly and cost-
effective tools

h) Integration with other systems

Acceptance, collaboration,
future usage

Acceptability a) Chatbots as a complement to human
recruiters, not a replacement

b) The potential usefulness of chatbots
for pre-screening candidates or junior
roles

c) Best chatbot practices

d) Chatbots’ ability to automate repeti-
tive tasks and improve efficiency
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light on the diverse interactions between job seekers and
recruiters with chatbot technology.

The theme of Insights foregrounds the criticality of
leveraging personal networks and experiences, underscor-
ing the required value of human connections and expertise
in navigating the recruitment ecosystem. Also, the persistent
challenges faced by both job seekers and recruiters, such as
the alignment of job specifications with candidate profiles
and the overarching need for a comprehensive understand-
ing of recruitment needs were important aspects to look at.
Furthermore Perceived Impact brings to the fore the poten-
tial efficiencies and enhancements chatbots could introduce
to the recruitment process. It outlines the dual-edged nature
of chatbot deployment-wherein lies the promise of streamlin-
ing administrative tasks and the peril of oversimplifying the
nuanced, human-centric aspects of recruitment. This theme
encapsulates the potential for chatbots to act as user-friendly,
cost-effective tools while also acknowledging their limita-
tions in handling the complexity and subtlety inherent in
recruitment interactions. The Acceptability as a potential
identified theme, probes the receptiveness toward chatbots
among the recruitment stakeholders, reflecting a cautious
optimism. This acceptance is dependent upon the chatbots’
ability to function as complements to, rather than replace-
ments for, human recruiters, emphasizing the irreplaceable
value of human judgment and interpersonal connections in
the recruitment process.

Together, these themes and their subthemes articulate a
narrative that positions recruitment chatbots not as solu-
tions but as compelling tools that, when cautiously integrated
into recruitment practices, can enhance the efficacy and
human-centeredness of the recruitment process. This refined
understanding underscores the necessity of a balanced, eth-
ical approach to the deployment of chatbots, ensuring that
technological advancements in recruitment serve to augment
human capabilities and enrich the overall recruitment expe-
rience. Overall, this phase set the stage for further research
by establishing a detailed exploration emphasizing the need
for chatbots to complement human interactions rather than
replace them and underscoring the potential for chatbots to
enhance the efficiency and effectiveness of recruitment pro-
cesses when designed and implemented thoughtfully.

3.2 Phase 2: interviews thematched qualitative
thematic content analysis part of the study

This phase approach is designed to refine and expand the
understanding of chatbot acceptability and effectiveness,
leveraging the foundational themes from Phase 1 to explore
specific dynamics and contradictions that emerged, thereby
contributing to the development of a comprehensive,Human-
Centered Technology Acceptance Model. Participants for
this phase were carefully selected to provide a broader and

more diverse perspective on the use of recruitment chatbots,
aiming for a wide representation of experiences and profes-
sional roles within the recruitment and job-seeking domains.
Consistent with Phase 1, all participants were approached
via email to maintain a formal communication channel.
The emails detailed the study’s objectives and highlighted
the importance of their contributions to developing a user-
centered technological solution. Upon expressing interest,
participants received a brief overview document to prepare
them for the interview, ensuring they were well-informed
about the topics discussed.

Demographics: 28 semi-structured in-depth individual
interviews, including 21 job seekers and 7 recruiters were
recorded and subsequently transcribed by one author in this
analysis of respondent demographics. The job seekers, rang-
ing in age from 21 to 45 years and consisting of 12 females
and 9 males, were all currently employed, encompassing a
range of active job search experiences from recent graduates
to seasoned professionals. This diversity provided a variety
of perspectives on the challenges and expectations associated
with job searching via digital platforms and job portals. Their
professional experience varies widely, from 0 to 10 years.
The job titles among these applicants are diverse: there are 3
interns, who are usually students or recent graduates in entry-
level, temporary positions for gaining practical experience; 2
Sales assistants, likely involved in retail or customer service,
assisting with sales operations and customer interactions; 5
Software engineers, professionals skilled in computer sci-
ence who develop and maintain software; 4 User experience
experts, specialists focused on optimizing the usability and
user experience of products or services; 6 Developers, who
could refer to software developers or those in similar fields,
responsible for creating and implementing software appli-
cations; and 1 sales supervisor, who likely oversees sales
operations and teams.

On the recruiter side, the participants are between 25 and
35 years of age, including 4 females and 3 males. They were
selected for their comprehensive understanding of recruit-
ment processes, including candidate screening, job listing,
and hiring, due to their 5 to 15 years of experience. The
recruiters are categorized into 4 talent acquisition managers,
who are responsible for overseeing the recruitment process
and strategy of an organization; 3 senior recruiters, experi-
enced professionals in sourcing, interviewing, and selecting
candidates; and 1 HR manager, a key role in overseeing var-
ious aspects of human resource management and policies
within an organization. This array of roles highlights a broad
spectrum of professional expertise and levels within the job
market (shown in Table 3).

Interview protocol: Interviews were constructed based
on a script so that all concepts found in the first phase
were referred to the first part of the interview included
closed socio-demographic questions, and the second part
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Table 3 Respondents’
information

Respondent Basic information Personal information

Job seeker Age: 21–45 years old Job titles:

Gender: 12 females, 9 males - 3 Interns

Experience: 0–10 years of experience - 2 Sales assistants

- 5 Software engineers

- 4 User experience experts

- 6 Developers

- 1 Sales supervisor

Recruiter Age: 25–35 years old Job titles:

Gender: 4 females, 3 males - 4 Talent acquisition managers

Experience: 5–15years of experience - 3 Senior recruiter

-1 HR manager

open-ended questions dealing with the perceived impact and
acceptability [8]. The protocol emphasized the importance
of participants’ contributions, maintained privacy during the
interview, and estimated a 30-minute duration (details are
provided in Appendix B). It consisted of sections covering
general discussion, background questions, focused research
questions, using theHCAIChatbot, and an overarching ques-
tion about key factors for chatbot acceptability. The protocol
aimed to efficiently gather valuable feedback and concluded
by thanking participants for their contributions and inviting
further input. Prompts were similar to what was used during
the first phase. Additional questions emerging from the dia-
logue between interviewer and intervieweewere addedwhen
necessary [41].

The primary themes identified in this updated phase of
the study were wide-ranging. They included aspects such as
the experiences and perceptions of job seekers and recruiters
regarding recruitment chatbots, their levels of satisfaction
with these AI tools, and their views on how chatbots could
potentially enhance or impact the recruitment process. This
phase thus provided a deeper,more nuanced understanding of
the factors influencing the acceptance of recruitment chatbots
across different company contexts, contributing significantly
to developing a Human-Centered Technology Acceptance
Research Model.

Coding and analysis: Transcripts were subjected to a the-
matic analysis incrementally using the “Gioia methodology”
[42]. This qualitative analysis methodology shows how the
informants’ perspectives (first-order concepts) are consid-
ered by the researchers before being organized and trans-
formed into theory-centric themes (second-order themes) and
aggregated dimensions [42]. Accordingly, transcripts were
subjected to two rounds of coding using Nvivo6 (12), a
widely used computer-assisted qualitative analysis tool [43].
The first round consisted of coding words and phrases in

6 https://www.gmsl.it/nvivo/

the transcript, while the second round involved grouping
the codes (captured as nodes) into themes and dimensions
[42, 43]. To increase the accuracy of our findings, dimen-
sions were triangulated against service quality dimensions
in the extant literature (i.e., data triangulation) and among
the different researchers in this study (i.e., investigator trian-
gulation) [44]. As for reliability, the use of NVivo assisted
in establishing a chain of evidence [45], as it was possible
to efficiently trace our research findings and codes back to
the source data interviews [46]. Through axial coding [47]
several salient perceptions of recruitment chatbot acceptance
emerged. Table 4 illustrates the frequency of the final codes
captured in NVivo.

Resulting themes: Table 5 elegantly organizes the quali-
tative data into themes and provides representative citations
that underscore the key findings of the research. The analy-
sis of the table reveals insights into the impact, acceptance,
and challenges of using chatbots in recruitment. Recruitment
chatbots are primarily valued for their efficiency and ability
to automate repetitive tasks, enabling recruiters to focus on
more strategic aspects of their roles [1]. They are also appreci-
ated for their potential to personalize interactions and adapt
to diverse cultural nuances, which is crucial in accurately

Table 4 Frequency of nodes coded in NVivo

Key factors analysis
from themes(nodes)

Job seekers Recruiters Frequency-
mentions

Personalization 15 3 18

Valuable tools 5 1 6

Adaptability 1 2 3

Technical challenges 2 5 7

Ethical concerns 9 6 13

Transparency 6 3 9

Trust 7 2 8

Efficiency 7 8 16
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Table 5 Themes and representative citations for research questions

Research question Theme Representative itation

RQ 1: Impact of
chatbots on recruiter
experience

- Positive impact on effi-
ciency
- Personalization

“Chatbots automate repetitive tasks, focusing on strategic aspects.” - R 2
“Chatbots are valuable in streamlining recruitment, especially for diverse profiles.” -
R8

“Personalization is key in tech for refined skills.” - JS6

“Chatbots adapt to diverse cultural nuances.” - R8

“Chatbots need to expertly assess complex skills.” - JS 2

“Recruitment chatbots need to understand and assess unique needs and cultural fit to
be successful.” - JS14

RQ 2: Acceptance of
Chatbots in recruit-
ment

Valuable tools complements
To human recruiters

“Chatbots augment pre-screening processes.” - R2
“Chatbots enhance efficiency in managing diverse talent pools.” R9
“Chatbots complement, not replace recruiters.” - JS7

“Surely, I will adapt it, if it will work as a technical assistant for me.” - JS 22

“I want chatbot to do the initial screening, not hire the candidate for me.” - R3

RQ 3: Challenges in
using chatbots

-Technical challenges
- Candidate experience

“Technical integration and data security are key challenges.” - R4
“Training chatbots in industry-specific terminology.” - R6

- Ethical concerns adaptabil-
ity

“Chatbots have the potential to enhance collaboration and networking opportunities.”
- JS4

“Chatbots perceived as impersonal.” - R5

“Ethical use of chatbots in decision-making is a concern.” - R7

“Fair and unbiased decisions by chatbots in hiring are a top ethical concern.” - R 12

“Security of personal data is a significant concern when using recruitment chatbots.”
- JS6

“Data security is paramount in using chatbots for candidate information.” - R9

“Ethical chatbots should be transparent and fair in evaluating candidates.” - JS 14

“Addressing bias in chatbot algorithms is crucial for a level playing field.” - R6 “I
worry about chatbots discriminating against candidates based on factors.” - JS 8

“Ethical concerns in screening candidates.” - R5

“Integration is a key.” - Recruiter 9 “Updating chatbot capabilities for evolving recruit-
ment needs.” JS17

Key Theme Acceptability factor “Chatbots are acceptable for their efficiency.” - R5

“Chatbots accepted for efficiency without replacing humans.” R4

“I value personalization and efficiency in chatbots.” - J3

“Transparency is key for chatbot acceptance which can make it trustworthy.” - R 9

“Efficiency is what I appreciate most in chatbots.” - J 7

“Efficiency and personalization are crucial for acceptability.” - R5

assessing candidates’ complex skills and fitting them into
unique cultural contexts [27].

Regarding acceptance, chatbots are seen as valuable tools
that augment pre-screening processes and manage diverse
talent pools efficiently [8]. They are envisioned as comple-
ments to human recruiters rather than replacements, ideally
handling initial screening without making final hiring deci-
sions. However, using chatbots in recruitment is not without
challenges [8]. Technical issues such as integration, data
security, and training in industry-specific terminology are
significant hurdles. The candidate experience is a concern,
with chatbots sometimes perceived as impersonal. Ethical

considerations are paramount, including the fair andunbiased
decision-making process, security of personal data, trans-
parency in evaluation, and addressing potential biases in
algorithms. There is a consensus on the need for chatbots
to evolve and adapt to changing recruitment needs to main-
tain relevance and effectiveness [1].

Table 5, a result of the total number of nodes coded in
NVivo, effectively condenses the frequency of key themes
from interviews with job seekers and recruiters, offering a
streamlined view into the distribution of these themes and
their significance. Frequency coding was utilized to achieve
this, allowing for a systematic comparison and analysis of
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how frequently different themes were mentioned across var-
ious groups. Notably, personalization emerges as a dominant
theme, particularly among job seekers, suggesting a high
demand for customizable technology in recruitment. This is
followed by themes like efficiency and trust, which are valued
for their ability to streamline processes and build confidence
in the technology’s reliability. The data also highlights the
growing importance of ethical concerns and transparency,
showing the need for clear and ethical technological prac-
tices. While technical challenges and adaptability are less
frequently mentioned, they still signify crucial areas for
technological improvement. The inclusion of valuable tools
further underscores the need for practical and useful func-
tionalities in recruitment technologies. This detailed analysis,
pivoting on these key factors, is instrumental in guiding the
development of a nuanced technology acceptance research
model, that aligns closely with the real needs and prefer-
ences of both job seekers and recruiters. This approach not
only ensures theoretical robustness but also guarantees prac-
tical relevance andwide acceptability among all stakeholders
involved in the recruitment process.

By uncovering key user-centric themes like “personal-
ization,” “efficiency,” “trust,” “technical challenges,” and
“ethical concerns,” the analysis ensures that the next phase
of the study is grounded in the real needs and preferences of
its users. Balancing perspectives from different stakehold-
ers like recruiters and job seekers highlights critical areas
for technological improvement and ethical practices. This
approach not only enhances the theoretical robustness of the
research model but also ensures its practical relevance and
acceptability in real-world recruitment contexts, making it
genuinely human-centered.

Discussion The second phase of the study represents a
pivotal step forward, as it not only builds upon the insights
gained from the initial phase but also introduces a wealth of
new data and perspectives. By expanding the participant base
to include a broader spectrum of job seekers and recruiters,
this phase captures a more diverse range of experiences and
expectations regarding recruitment chatbots. Incorporating
the updated structured script from the identified themes of
Phase 1 and then NVivo analysis enhances the research’s
empirical foundation, providing statistical evidence to sup-
port the prevalence and significance of various themes and
factors. One of the key outcomes of this phase is the identi-
fication of factors that strongly influence chatbot acceptance
in the context of recruitment. These factors, including per-
sonalization, efficiency, trust, technical challenges, ethical
concerns, and transparency, emerge as critical determinants
of chatbot success. With the rich data material collected,
the research is poised to create a more human-centric tech-
nology acceptance research model. By incorporating these
factors into the human-centered acceptance research model,
it becomes theoretically robust, highly practical and relevant

to the real needs and preferences of job seekers and recruiters.
This data-driven approach ensures that themodel is grounded
in the lived experiences of stakeholders in the recruitment
process.

Overall, the combination of both phase’s methodolo-
gies underscores the study’s detailed approach. Phase 1,
characterized by qualitative thematic analysis, delves into
the narratives and experiences of participants, uncovering
emergent themes without predefined categories. It provides
in-depth insights into the human-centered aspects of chat-
bot acceptability. In contrast, Phase 2 adopts an extensive
approach, utilizing structured interviews and statistical anal-
ysis to quantify relationships and validate themes identified
in Phase 1 with the tool. This dual-method approach ensures
a holistic understanding of the factors influencing chatbot
acceptance, setting the stage for a researchmodel that bridges
theory and practice.

3.3 Phase 3: HC-TAM theoretical framework
andmodel development

This phase progresses the study by integrating the qualita-
tive insights from previous phases into a refined theoretical
framework, focusing on enhancing the Technology Accep-
tance Model (TAM) with human-centric factors identified in
the recruitment chatbot context. This phase aims to establish a
Human-Centric Technology Acceptance Model (HC-TAM),
offering a comprehensive model for understanding chatbot
acceptance and effectiveness in recruitment processes.

3.3.1 Theoretical framework

In the theoretical framework of our study, we have chosen
to employ the Technology Acceptance Model (TAM) as the
foundational model rather than alternative models such as
TAM2, TAM3, or UTAUT (Unified Theory of Acceptance
and Use of Technology). This decision is rooted in TAM’s
simplicity, adaptability, and extensive validation across var-
ious contexts, aligning seamlessly with our focus on the
unique interactive and innovative aspects of human-centric
chatbots in the recruitment process [15, 48]. While more
recent models like the UTAUT offer a broader range of
factors, TAM’s far-sighted approach permits a more concen-
trated analysis of the core determinants of technology usage
[49]. This choice is particularly relevant to our study, where
the objective is to understand the peculiarities of technol-
ogy acceptance within the context of human-centric chatbots
used for recruitment.

3.3.2 Integrating human-centric factors into TAM

To cater to the distinctive requirement of our research con-
text, we extend the traditional TAM by incorporating five
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pivotal human-centric factors, as emerged from the anal-
ysis conducted during Phases 1 and 2: transparency, trust,
efficiency, ethical concerns, and personalization. These fac-
tors are instrumental in assessing the acceptability of chatbots
in the area of recruitment, reflecting the unique prerequisites
and interactions fundamental to this domain. In our adapted
TAM framework for this study, we focus on two central
dimensions: perceived ease of use (PEOU) and perceived
usefulness (PU). Alongside these fundamental aspects, we
incorporate the four identified human-centric factors. The
exclusion of Attitude and Intention to Use in this study
research model (shown in Fig. 2) is intentional and serves
to streamline the analysis. In the context of recruitment
chatbots, our focus is on immediate and tangible factors
influencing user adoption. Concentrating on perceived ease
of use, perceived usefulness, and key human-centric factors
ensures a more efficient and targeted exploration, aligning
with the unique dynamics of user interaction in professional
recruitment. This deliberate exclusion allows for a nuanced
understanding of the specific determinants impacting users’
acceptance of chatbots.

3.3.3 Key constructs descriptions

In the following, the key constructs are described.
Perceived ease of use (PEOU) refers to the degree towhich

a person believes that using a particular systemwould be free
of effort, representing the finite resources people can allocate
to the activities they are dealing with [15].

Perceived usefulness (PU) is defined as the degree to
which a person believes that using a particular system would
enhance their job performance [15].

Transparency (TR) refers to the degree to which the oper-
ations and decision-making processes are made clear and
understandable to users. It involves providing users with

insights into how the system functions, how it arrives at
decisions, and the rationale behind its actions. Transparency
enhances credibility by building trust in systems operations
and fostering user confidence [50].

Trust (T) is a critical factor that defines the level of con-
fidence and reliance that users place on the system. Users
need to trust that the system can effectively assist them in
required activities. Building trust is essential for users to
feel comfortable and secure while interacting with the sys-
tem [51]. Efficienc(E) is defined as its ability to swiftly and
effectively perform tasks, providing a seamless and satisfying
experience. It involves optimizing resource usage, minimiz-
ing delays, and ensuring an intuitive, user-friendly interface
[52].

Personalization(PR) involves tailoring the user’s experi-
ence to meet the individual needs, preferences, and char-
acteristics of each user. It goes beyond one-size-fits-all
interactions and aims to provide users with customized rec-
ommendations and assistance. Personalization enhances user
engagement and satisfaction by making the interaction with
the system more relevant and user-centric [53].

Ethical concerns(EC) pertain to the potential ethical
dilemmas and considerations that arise in the deployment
within the system. These encompass issues such as fair-
ness, non-discrimination, data privacy, and the ethical use
of automated decision-making algorithms. Ethical concerns
underscore the importance of maintaining ethical standards
and ensuring that chatbots do not inadvertently perpetuate
biases or harm users in any way [54].

3.4 The Human-Centric Technology Acceptance
Model (HC-TAM)

By enriching the TechnologyAcceptanceModel (TAM)with
human-centric constructs, the study introduces the Human-

Fig. 2 Human-Centered TAM
(HC-TAM) Model
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Centric Technology Acceptance Model (HC-TAM), which
extends TAM [15]. The HC-TAM aims to provide a compre-
hensive understanding of factors significantly contributing to
the acceptance and usability of chatbots in recruitment, cap-
turing the detailed dynamics of human-chatbot interactions
within the professional recruitment setting [55].

These factors such as transparency, trust, efficiency, ethi-
cal concerns, and personalization, emerged from qualitative
analyses in Phases 1 and 2, reflecting the unique requirements
and interactions fundamental to the recruitment domain. The
inclusion of these factors offers deeper insights into the mul-
tifaceted nature of technology acceptance, particularly in the
context of intelligent systems designed for human-centric
applications like recruitment. This approach not only broad-
ens the scope of the original TAMbut also provides a tailored
and robust framework for exploring the intricate landscape
of technology adoption in the area of recruitment chatbots,
ensuring the technology aligns with user needs and ethical
standards.

3.4.1 Hypotheses

Figure 2 elaborates on the extended model on which we
based our hypothesis. Building upon the defined factors of
Transparency, Trust, Efficiency, and Personalization in the
context of recruitment chatbots, we formulate a series of
hypotheses that aim to uncover their significant roles in
technology acceptance and are guided by specific research
goals. They systematically probe connections between these
human-centric factors and technology adoption, arising from
insights in qualitative research phases and aligning with
models like the Technology Acceptance Model. Address-
ing links of the factors, these hypotheses aim for a nuanced
understanding of user perceptions in recruitment chatbots.
In essence, this framework tests the impact of human-centric
elements on technology acceptance in recruitment scenarios.

Figure 3 visualizes the graphical representation of hypothesis
development.

• H1. Perceived ease of use is positively related to per-
ceived usefulness.

• H2. Perceived ease of use is positively related to person-
alization.

• H3. Perceived Usefulness is positively related to person-
alization.

• H4. Perceived Usefulness is positively related to ethical
concerns.

• H5. Transparency is positively related to perceived use-
fulness.

• H6. Transparency is positively related to Personalization.
• H7. Transparency is positively related to efficiency.
• H8. Trust is positively related to personalization.
• H9. Efficiency is positively related to personalization.
• H10. Personalization in chatbots is positively related to
ethical concerns.

3.4.2 Measurement development, procedure, and data
collection

To rigorously evaluate the research hypotheses, a survey
was designed to assess the constructs delineated within the
research model, specifically focusing on seven key factors.
This survey was strategically partitioned into two primary
sections, eachwith adistinct purpose.The initial segmentwas
tailored to gather demographic data and elicit insights regard-
ing participants’ gender, age, familiarity with recruitment
chatbots, and their past experiences in utilizing them. Subse-
quently, the second part of the survey focused on a series of
statements intricately linked to the seven factors of interest. A
thorough reviewof the current body of research literaturewas
conducted to ensure the comprehensiveness and precision
of the measurement items. The survey instrument employed

Fig. 3 Hypotheses development
of HC-TAM
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a well-structured seven-point Likert scale, enabling partic-
ipants to express their level of agreement or disagreement
with each statement, spanning from “strongly disagree” (1)
to “strongly agree” (7). A detailed inventory of these mea-
surement items can be located in Appendix C.

Data collection for this research endeavorwas executed by
distributing a Google Form link via email to a diverse pool of
participants. Before their active participation, all respondents
provided explicit consent, signifying their voluntary engage-
ment in the study. Additionally, participants were probed
about their familiarity with recruitment chatbots, their atti-
tudes toward using them, and their expectations from such
chatbots, thereby allowing them to provide responses aligned
with their specific knowledge and preferences. Notably, out
of the initial cohort of 172 participants who initiated the sur-
vey, a stringent criterionwas applied, leading to the exclusion
of 26 individuals. These exclusions were based on the cri-
terion of having no familiarity whatsoever with recruitment
chatbots. Consequently, the final sample consisted of 146
participants, characterized by an average age (M) of 24.06,
with a standard deviation (SD) of 5.2. Within this sample, 89
participants identified as male (61%), while 57 identified as
female (39%).

The survey also provided valuable insights into respon-
dents’ expectations, behaviors, and their prior interactions
with chatbots, particularly within the domain of recruit-
ment. Notably, a significant majority, constituting 63% of
the respondents indicated engaging with recruitment chat-
bots less frequently than they do with traditional job portals
and LinkedIn. Furthermore, 45.2% of the participants had
never interacted with a chatbot. Among these individuals,
47.6% had not harnessed chatbots to hire candidates, and
79.3% had not utilized them for job searching via chatbot
platforms. These statistics underscore the limited prevalence
and adoption of chatbots for recruitment within the sur-
veyedpopulation, shedding light onpotential areas for further
exploration and development within this domain.

3.5 Data analysis and results

This section crucially bridges theoretical insightswith empir-
ical evidence, highlighting key findings that contribute to our
understanding of technology acceptance in the context of
recruitment chatbots. It details the process of validating the
research model through reliability and validity assessments,
followed by an analysis of the structural model to examine
hypothesis relationships.

3.5.1 Partial least square (PLS) path modeling

In the present research, we employed Structural Equation
Modeling (SEM), utilizing the Partial Least Square (PLS)
technique, to examine the hypotheses. PLS-SEM has gained

widespread acceptance across various academic domains,
including HR, owing to its propensity for yielding fewer
conflictingfindings than traditional regression analysis, espe-
cially when identifying mediation effects [56]. Furthermore,
when the research objective revolves around exploring the-
oretical extensions to well-established theories, PLS-SEM
offers enhanced reliability in offering causal explanations.
This approach effectively bridges the perceived gap between
explanation and prediction, forming the foundation for devel-
oping practical managerial implications [57]. Our analysis of
PLS involves a two-stage process: firstly, evaluating the reli-
ability and validity of the measurement model, and secondly,
interpreting the path coefficients within the structural model.
Subsequent sections will delve into the outcomes of these
two pivotal stages.

3.5.2 Measurement model (assessment of construct
validity)

In our analysis, we thoroughly evaluated the measurement
model with a keen focus on its psychometric properties,
ensuring both validity and reliability. The validity assessment
encompassed rigorous checks for convergent and discrimi-
nant validity.

The numbered items (e.g., perceived ease of use (PEOU)
1, 2,... 6 or ethical concerns (EC) 1,2,..) correspond to specific
questions posed to users in the questionnaire(details are in
Appendix C). Convergent validity was initially assessed by
scrutinizing the strength and significance of loadings. This
scrutiny led us to identify four problematic items (specifi-
cally PEOU 3, PEOU 5, PU 2, and E 2) due to their low
factor loadings. As a cautious step, these items were omit-
ted from further analysis [58]. Consequently, the final outer
model exhibited that all the remaining23 indicators displayed
loadings surpassing the satisfactory threshold greater than0.7
[59] (see Appendix C for details).

To further ensure that our measurements effectively cov-
ered the research inquiries,we conducted extensive reliability
and validity tests. The assessment of item consistency for
measuring a particular concept was conducted using Cron-
bach’s Alpha, following the guidelines recommended by
[60]. Attaining a value of 0.7 or higher signified that the items
within the scale effectively measured the same variable of
interest. Our variables met the requirements for internal con-
sistency, item loading, Average Variance Extracted (AVE),
and Composite Reliability (as indicated in Table 6).

The evaluation of discriminant validity was based on
the Fornell-Larcker criterion, involving an examination of
Latent Variable Correlations and Cross loadings (Discrimi-
nant Validity) [61]. In Table 7, the diagonal values represent
the square roots of AVE, while the off-diagonal values rep-
resent correlations. Importantly, the diagonal values were
consistently higher than the off- diagonal values, affirming
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Table 6 Construct validity
assessment of the HC-TAM
constructs

Research Construct Item Item loading AVE CR α

Perceived ease of use PEOU1 0.839 0.712 0.937 0.919

PEOU2 0.828

PEOU3 0.887

PEOU4 0.791

PEOU5 0.804

PEOU6 0.908

Perceived Usefulness PU1 0.907 0.797 0.959 0.949

PU2 0.828

PU3 0.885

PU4 0.926

PU5 0.878

PU6 0.927

Efficiency E1 0.955 0.907 0.967 0.949

E2 0.955

E3 0.947

Trust T1 0.896 0.735 0.893 0.819

T2 0.867

T3 0.807

Transparency TR1 0.924 0.855 0.947 0.916

TR2 0.917

TR3 0.933

Personalization PR1 0.914 0.853 0.959 0.942

PR2 0.941

PR3 0.906

PR4 0.932

Ethical Concerns EC1 0.939 0.881 0.937 0.865

EC2 0.938

the presence of discriminant validity as per the Fornell-
Larcker criterion. Furthermore, all item loadings (highlighted
in bold in Table 8) exceeded the recommended threshold of
0.5 and were higher than all cross-loadings, providing addi-
tional confirmation of discriminant validity.

Turning to the R2 values, illuminating the extent of
explained variance, we gained insights into the model fit and
predictive capabilities of the endogenous variables [57, 62].
Adhering to [57], individual R2 values were required to sur-
pass the minimum acceptable level of 0.10. Figure 4 shows

Table 7 Discriminant validity
— latent variable correlations

PEOU PU Efficiency Trust Transparency Personalization Ethical
(E) (T) (TR) (PR) Concerns (EC)

PEOU 0.844

PU 0.663 0.893

E 0.476 0.674 0.952

T 0.476 0.432 0.504 0.857

TR 0.507 0.638 0.742 0.572 0.925

PR 0.608 0.757 0.809 0.615 0.776 0.924

EC 0.495 .666 .727 0.571 0.837 0.822 0.9392
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Table 8 Cross loadings (discriminant validity)

PEOU PU E T TR PR EC

PEOU1 0.839 0.507 0.338 0.387 0.385 0.461 0.359

PEOU2 0.828 0.472 0.358 0.374 0.358 0.450 0.358

PEOU3 0.887 0.596 0.355 0.389 0.396 0.483 0.374

PEOU4 0.791 0.631 0.540 0.466 0.538 0.568 0.538

PEOU5 0.804 0.530 0.388 0.374 0.443 0.523 0.440

PEOU6 0.908 0.590 0.399 0.404 0.422 0.566 0.408

PU1 0.669 0.907 0.558 0.340 0.542 0.661 0.568

PU2 0.457 0.828 0.580 0.404 0.542 0.596 0.549

PU3 0.605 0.885 0.580 0.381 0.521 0.657 0.545

PU4 0.550 0.926 0.652 0.408 0.634 0.724 0.657

PU5 0.633 0.878 0.561 0.337 0.516 0.615 0.553

PU6 0.630 0.927 0.670 0.440 0.648 0.777 0.679

E1 0.466 0.641 0.955 0.493 0.700 0.789 0.691

E2 0.438 0.626 0.955 0.451 0.649 0.749 0.658

E3 0.455 0.659 0.947 0.493 0.770 0.771 0.727

T1 0.471 0.401 0.470 0.896 0.523 0.573 0.548

T2 0.426 0.312 0.308 0.867 0.407 0.459 0.396

T3 0.325 0.387 0.496 0.807 0.526 0.537 0.506

TR1 0.504 0.646 0.729 0.557 0.924 0.749 0.759

TR2 0.461 0.516 0.653 0.506 0.917 0.662 0.738

TR3 0.443 0.602 0.675 0.522 0.933 0.737 0.822

PR1 0.591 0.709 0.684 0.607 0.735 0.914 0.777

PR2 0.560 0.713 0.775 0.595 0.752 0.941 0.810

PR3 0.568 0.692 0.720 0.537 0.658 0.906 0.708

PR4 0.527 0.681 0.809 0.530 0.718 0.932 0.737

EC1 0.519 0.688 0.703 0.610 0.754 0.815 0.939

EC2 0.409 0.562 0.661 0.460 0.818 0.727 0.938

that the R2 values for all endogenous variables, including
“perceived usefulness,” “personalization,” and “ethical con-
cerns,” exceeded this threshold (56.2%, 79.8%, and 77.6%,
respectively).

3.5.3 Structural model

After establishing the measurement model, we assessed
the structural relationships. Before evaluating path coef-
ficients, we checked for multicollinearity, and no issues
were detected. The examination of Variance Inflation Factors
(VIF) revealed values lower than the threshold of 5.0 [63].

As depicted in Table 9, the bootstrap procedure indicated a
positive relationship between perceived ease of use (PEOU)
and Perceived Usefulness (PU), albeit not a significant rela-
tionship with Personalization. In this case, we observed a
slight tendency toward significance.

PUwas positively related to personalization but not to eth-
ical concerns. Transparency showed positive relationships

with PU, Personalization, and ethical concerns. Trust and
personalization exhibited significant positive relationships,
as did Efficiency and personalization. As expected, person-
alization was positively related to ethical concerns. Table 9
presents these hypotheses and displays the path coefficients
among latent variables along with bootstrap critical ratios.
To determine the stability of the estimates, we followed Hair
et al.’s recommendation [62] and calculated bootstrap T-
Statistics at a 95% confidence interval using 5000 samples,
with acceptable values above 1.96.

4 Discussion and implications

In the context of the increasing utilization of AI tools in the
area of recruitment, this study offers a significant contribu-
tion to research studying human-chatbot interactions in the
recruitment domain. This encompasses the engagement of
both job seekers, who employ chatbots to facilitate their job
search, and recruiters, who leverage these automated systems
to identify suitable candidates. This research study builds
upon the foundation laid by prior research that has harnessed
the Technology Acceptance Model (TAM) to comprehend
the acceptance of chatbots in recruitment scenarios, as evi-
denced in previous studies [1, 25, 27, 58]. This study focus
involves human-centric factors and underscores the signifi-
cance of practical and enjoyable attributes while introducing
the concept of “transparency” as a pivotal determinant influ-
encing users’ perceptions of chatbot utility and ease of use.

By the Theory of Reasoned Action [64], this study’s
findings unveil a notable linkage between ethical concerns
related to chatbot usage in recruitment and the degree of per-
sonalization available to users. Furthermore, transparency
put forth a robust and positive influence on users’ assess-
ments of chatbot utility, their ability to personalize their
interactions, and the ethical concerns they associate with
chatbot usage. Curiously, transparency’s impact on ethical
concerns transcends that of personalization, shedding light on
the paramount importance of transparency in shaping users’
perceptions.

From a practical standpoint, companies operating within
the recruitment landscape must gain insights into how job
seekers and human resource professionals perceive chatbots
concerning their compatibility with individual preferences
and requirements. Achieving this understanding entails col-
lecting user data, allowing for tailoring chatbot functionali-
ties to cater to specific user preferences. This personalization
may involve adapting the chatbot’s communication style to
align with user preferences or proactively suggesting job
opportunities that align with individual interests.

Consistent with previous research on software and tech-
nology adoption, our analysis validates the notion that users’
perception of recruitment chatbot usefulness significantly
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Fig. 4 PLS algorithm results with R2

influences the extent to which they personalize their inter-
actions. However, this study diverges from previous research
by revealing that users do not necessarily connect the use-
fulness of chatbots directly with ethical considerations [58,
59]. Interestingly, this research observes that users’ beliefs
regarding the extent to which chatbots can assist them in
achieving their career goals do not significantly influence
their behavior. This unexpected finding may be attributed
to participants’ limited identification with the simulated job
applications, leading to a reduced need to place trust in chat-
bots to advance their careers.

On a contrasting note, this study underscores the pivotal
role of perceived ease of use in shaping users’ perceptions
of chatbot utility. When users perceive a chatbot as user-
friendly and straightforward, they are more inclined to deem
it valuable. Consequently, designing chatbots focusing on
ease of use, aimed at reducing user stress and confusion,
emerges as a critical factor in enhancing the overall user
experience and fostering positive perceptions.

This research also reveals that the relationship between
ease of use and personalization is not particularly strong. This
suggests that once users perceive a chatbot as sufficiently
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Table 9 Structural relationships
and hypotheses testing

Hypothesis Path Path Standard T -statistics P-value Decision
Coefficient Error

H1 PEOU → PU 0.457 0.060 7.583 <0.001 Supported

H2 PEOU → PR 0.084 0.057 1.473 0.095 NS

H3 PU → PR 0.253 0.062 4.084 <0.001 Supported

H4 PU → EC 0.044 0.045 0.982 0.163 NS

H5 TR → PU 0.406 0.055 7.350 <0.001 Supported

H6 TR → PR 0.212 0.062 3.410 <0.001 Supported

H7 TR → EC 0.495 0.065 7.655 <0.001 Supported

H8 T → PR 0.164 0.049 3.369 <0.001 Supported

H9 E → PR 0.358 0.064 5.618 <0.001 Supported

H10 PR → EC 0.404 0.070 5.798 <0.001 Supported

easy to use, further improvements in ease of use may have a
limited impact on the extent to which users personalize their
interactions. In conclusion, this research provides valuable
insights into the multifaceted dynamics of human-chatbot
interactions in the context of recruitment. It emphasizes the
importance of transparency, ease of use, and efficiency in
shaping users’ perceptions of chatbot usefulness and ethical
concerns. These findings can guide the design and imple-
mentation of chatbots in recruitment scenarios, to enhance
the user experience and foster greater acceptance.

4.1 Theoretical implications

This study examines human-chatbot interactions within the
specific context of online recruitment, utilizing the Technol-
ogyAcceptanceModel (TAM) as its foundational framework
[15]. To address the limitations of the originalmodel,we have
extended it to human-centric TAM (HC-TAM) by incorpo-
rating additional constructs, thus enhancing its capacity to
capture crucial determinants of chatbot adoption for online
recruitment. Our research outcomes contribute to a thorough
understanding of the interrelationships among the seven key
constructs, shedding light on those variables that exert a
significant influence on users’ inclination to embrace chat-
bot usage that will make it more human-centric. Notably,
transparency, efficiency, and usefulness emerge as pivotal
factors impacting users’ attitudes toward chatbot utilization,
while personalization and ethical concerns are identified as
influential determinants of user expectations during chatbot
interactions.

It is imperative to recognize that this study’s findings
not only enrich the existing technology acceptance litera-
ture but also underscore the potential synergies between the
TAM framework and supplementary factors such as trust,
transparency, and efficiency in predicting users’ propensity
to personalize their chatbot interactions and their concerns

regarding ethical implications, particularly in the context of
online recruitment [65, 66].

In a broader perspective, our research findings extend
their relevance to the domain of company-driven utiliza-
tion of AI tools, emphasizing the paramount importance of
human-centric considerations. The findings underscore that
chatbots displaying attributes that align with the expecta-
tions of both job candidates and hiring professionals, while
effectively addressing aspects such as stress reduction, user
engagement, and reliability, are more likely to yield positive
results when deployed in the domain of online recruitment.
This underscores the need for AI tools to prioritize human-
centered factors to enhance their effectiveness in real-world
applications.

4.2 Practical implications

Overall, this research offers several practical insights for
developers and designers taskedwith harnessing the potential
of this emerging chatbot trend in recruitment [1]. Practition-
ers should carefully consider enhancing user engagement
through conversational interfaces that prioritize simplicity
and avoid overwhelming users, especially newcomers to the
technology. Additionally, instilling trust and confidence in
the recruitment process when employing these conversa-
tional systems should be a primary goal for designers and
developers.

To achieve this objective, chatbots could introduce them-
selves with statements that reassure users about the security
of their personal information and sensitive data disclosure.
Furthermore, they could emphasize the availability of real
human assistance in case of any issues or failures during
the interaction. While providing a useful service is essen-
tial, it is equally important for chatbots to align with users’
preferences and their accustomed methods of online job
searching or hiring. This aligns with our thematic analysis,
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which revealed that a significant majority of respondents
are motivated by the desire to autonomously personalize
information or apply through traditional channels, such as a
company’s website. This consideration gains particular rele-
vance when targeting more promising user groups.

Finally, it is worth noting that, in 62 out of 146 ques-
tionnaire responses, manually coded assessments resulted in
different evaluations compared to the self-reported explicit
scores.Althoughno evident directional pattern emerged from
these shifts (i.e., participants equally shifted from strongly
disagree to strongly agree or remained neutral), this phe-
nomenon provides potential insights for practitioners. Given
the increasing adoption of post-chat surveys by companies,
which not only require users to rate their previous inter-
actions (e.g., through star-rating systems) but also provide
textual explanations, further studies are warranted to explore
whether soliciting participant motivations for their responses
can mitigate impulsive, emotionally driven feedback and
facilitate more accurate and reasoned feedback collection on
acceptance of chatbot technologies.

4.3 Recommendations for enhancing recruitment
chatbot acceptance and effectiveness

Based on the extensive research and findings from this study
on the Human-Centered Technology Acceptance Model
(HC-TAM) in the context of recruitment chatbots, several
key recommendations can bemade to enhance the acceptance
and effectiveness of such technologies. These recommenda-
tions are grounded in the study’s empirical findings and are
aimed at developers, designers, and recruiters who are look-
ing to implement and optimize recruitment chatbots in their
practices.

• Emphasize transparency and ethical concerns: Chatbots
should be designed tomake their operations and decision-
making processes clear and understandable to users.
Transparency in how the chatbot functions, how it arrives
at decisions, and the rationale behind its actions builds
trust and credibility.Additionally, addressing ethical con-
cerns like fairness, non-discrimination, data privacy, and
the ethical use of automated decision-making algorithms
is crucial.

• Focus on personalization: Chatbots should offer per-
sonalized experiences to meet the individual needs,
preferences, and characteristics of each user. This can
include tailored job recommendations or interview ques-
tions based on a candidate’s profile. Personalization
enhances user engagement and satisfaction by making
the interaction more relevant and user-centric.

• Ensure efficiency in task execution: Chatbots need to
streamline and optimize tasks related to job seeking
and candidate hiring. This includes the effectiveness and

speed with which the chatbot handles these tasks, con-
tributing to a positive user experience and satisfaction.

• Build and maintain trust: Trust is a critical component in
accepting chatbots in recruitment. Users need to trust that
the chatbot can effectively assist them in job-seeking or
candidate-recruitment activities. Building trust involves
ensuring the reliability and accuracy of the information
provided by the chatbot.

• User-centric design approach: The design and develop-
ment of chatbots should be grounded in a human-centric
approach, considering the preferences, experiences, and
expectations of both job seekers and recruiters. This
approach ensures that the technology aligns closely with
the real needs and preferences of its users, enhancing its
practical relevance and acceptability.

• Regularly update and adapt chatbots:Chatbots should be
regularly updated and adapted to meet evolving recruit-
ment needs and trends. This includes updating their
capabilities and features to align with the latest recruit-
ment practices and user expectations.

• Incorporate user feedback in design: Actively seek and
incorporate user feedback in the chatbot design and
development process. This involves engaging with both
job seekers and recruiters to understand their experiences,
challenges, and expectations from chatbots in recruit-
ment.

• Provide support and training:Offer adequate support and
training to users to familiarize them with the chatbot’s
functionalities and capabilities. This can help in reducing
any resistance or apprehension toward using the technol-
ogy, particularly for less digitally proficient users.

By implementing these recommendations, organizations and
technology developers can enhance the acceptance, usability,
and effectiveness of recruitment chatbots, thereby contribut-
ing positively to the recruitment process and overall user
experience.

5 Limits and future research

Although this study provides valuable insights into the deter-
minants of ethical concerns regarding the use of chatbots
for job searching and hiring, it is essential to acknowledge
certain limitations. Firstly, the study’s sample primarily con-
sists of younger job seekers, and the responses of older or
less digitally proficient recruiters may yield different results.
Additionally, although the study was conducted in a realistic
and ecological setting, reflective of users’ typical profes-
sional choices, it should be noted that the research focuses
on accepting chatbot usage rather than actual usage inter-
actions. Future research endeavors may consider collecting
usage and interaction data from real companies to ascertain
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whether acceptance indeed translates into concrete behav-
ioral patterns.

Another potential limitation pertains to the simulated
recruitment scenario utilized in the study. While this method
has demonstrated effectiveness in previous online recruit-
ment studies, future investigations could provide incentives
that allow participants to complete chatbot interactions [58]
genuinely. Furthermore, upcoming studies may contemplate
the inclusion of additional constructs in the model, such as
perceived risk, resistance toward the technology, or social
presence.

As gathered from our qualitative analysis, future research
is poised to untie the complex dynamics between partic-
ipants’ perceptions of the limited information accessible
via chatbots (e.g., job reviews and characteristics) and their
distrust concerning the authenticity of chatbot-mediated con-
tent. These seemingly contradictory issues raised by partici-
pants offer intriguing research opportunities. Understanding
the pivotal factors for the acceptance and the augmentation of
chatbotswith additional job-related information, considering
the perceived reliability and authenticity of such information,
is an area ripe for exploration.

In conclusion, drawing from the key themes identified.
In our brief qualitative analysis, there is a pressing need
for further investigation into how to: (a) position chat-
bots as complementary tools throughout the entirety of the
recruitment and job searching process; (b) ensure that chat-
bots leverage the strengths of human-human interaction
to enhance the application and hiring flow within already
automated recruitment, without necessarily replacing human
interactions; (c) define specific contexts and roles where the
limited information presented within typical conversational
interfaces does not hinder users’ intentions to apply or hire.

Appendix A

A.1 Phase 1: an interview protocol

An interview protocol We are conducting a study on the
effectiveness of a human-centered chatbot that aims to help
job seekers find employment and assist recruiters in finding
potential candidates. Our goal is to create a conversational
chatbot design that is according to human-centered prin-
ciples. We are interested in your experience and insights
about job searching and recruitment, and we believe that
your feedback will be valuable in improving the chatbot’s
performance. During this interview, we will be asking you
questions about your past experiences with job searching and
recruitment, as well as your thoughts on how a chatbot could
help you in these areas. Your participation in this study is
greatly appreciated and will help us improve the job search-
ing and recruitment experience for everyone involved.

With your permission, I will audiotape and take notes dur-
ing the interview. The recording is to accurately record the
information you provide and will be used for transcription
purposes only. If the results of this study are published or
presented, individual names and other personally identifi-
able information will not be used The estimated time of this
interview is 30min.

Is there something you would like to ask about before we
begin?

Questions (general discussion)
Background

1. Can you tell me about your experience as a recruiter, and
your current status (how’s work going on)?

2. Did you face challenges during the recruitment process?
3. What are the most important features of the recruitment

platform you are using?

(a) Are there some features that the platform you are
currently using that you need but are not provided?

A.1.1 Focused research questions

Researchquestion 1: howdo recruitment chatbots impact
the job seeker and recruiter experience?

1. Have you ever used a chatbot or virtual assistant for
recruitment?

(a) Yes: can you describe your experience?Yes: have you
ever encountered any issues with chatbots or virtual
assistants in other areas of your life? If so, what were
they?

(b) No: do you think that a chatbot or virtual assistant
designed specifically for recruitment would be use-
ful?

2. What characteristics would you look for in a chatbot or
virtual assistant designed for recruitment (job searching)?

3. How do you think recruitment chatbots impact the
recruiter experience, including workload, efficiency, and
communication with candidates?

4. Can you share any examples of how recruitment chatbots
have improved or hindered the recruiter experience in
your organization or others with whom you are familiar?

Research question 2: do recruiters (job seekers) accept
the support of conversational recruitment chatbots to
improve their experience?

1. Do you think that conversational recruitment chatbots
could eventually replace human recruiters, or do you see
them more as a complement to existing recruitment pro-
cesses?
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2. What do you think the future holds for conversational
recruitment chatbots, and how do you see them evolving
in the coming years?
Using HCAI Chatbot:

(a) Do you think you would like to use Our Chatbot like
we want to design?

(b) What do you find important for using this Chatbot?
(c) What experience would you expect?
(d) Is there something you would like to add?

Thank you for participating in this interview and sharing
your insights. Your responses will help me better understand
how recruitment chatbots impact the job seeker and recruiter
experience and howhuman-centered design principles can be
incorporated into their development to improve their effec-
tiveness and user satisfaction. If you have any additional
thoughts or suggestions, please feel free to share them with
me.

Appendix B: Phase 2: an interview protocol

Introduction: Thank you for participating in our study. Your
insights are incredibly valuable in shaping the develop-
ment of a human-centered chatbot for job searching and
recruitment. Based on previous interviews, we’ve refined our
questions to better understand your experiences and pref-
erences. Your candid responses will greatly contribute to
improving the overall recruitment process.

Consent and recording: As before, we will be recording
the interview for transcription purposes only, and your pri-
vacy will be respected. If you have any concerns, please feel
free to let me know.

Estimated time: This interview is expected to take around
30min, and your time is sincerely appreciated.

General discussion Let’s start with a brief discussion
about your general thoughts on the current state of job search-
ing and recruitment. Any initial reflections or observations

Background questions:

1. Can you tell me about your experience as a recruiter/
Job seeker and how things are currently going for
you?

Based on your experience, have you noticed any recent
trends or changes in the recruitment landscape? (Networking
experiences)

1. Did you face challenges during the recruitment pro-
cess?

(a) Could you share specific instances or types of chal-
lenges you encountered?

2. Which platform do you usually use for job searching
or hiring candidates?

3. Which are themost important features of that recruit-
ment platform you are using?

(a) Are there any features that you find crucial but are
currently missing?

B.1 Focused and updated research questions

1. RQ1:How do recruitment chatbots impact the job seeker
and recruiter experience?
2.Have you ever used a chatbot or virtual assistant for recruit-
ment?
(a) If yes, could you describe your experience?
(b) Yes, have you faced any issues with chatbots in other
areas of your life?
(c) No: do you think that a chatbot virtual assistant or conver-
sational Agent designed specifically for recruitment would
be useful?
3. What characteristics would you look for in a chatbot or
virtual assistant designed for recruitment?
(a) Based on your experiences, are there specific traits or
features you believe are essential in an effective recruitment
chatbot?
(b) Do you think personalization can affect your experience?
(c) Like how personalization has impacted your experience
with similar tools?
4.Howdo you think recruitment chatbots impact the recruiter
experience, including workload, efficiency, and communica-
tion with candidates?
(a) Can you share any examples from your own experiences
or observations?

Can you share examples of how recruitment chatbots have
improved or hindered the recruiter experience?

1. Specifically, have you seen instances where chatbots
enhanced efficiency or, conversely, posed challenges in your
organization or others you are familiar with?

RQ2: Do recruiters (job seekers) accept the support of
conversational recruitment chatbots for improving their
experience?

1. Do you think conversational recruitment chatbots could
eventually replace human recruiters, or do you see themmore
as a complement to existing processes?
(a) Based on your perspective, how do you envision the bal-
ance between human recruiters and chatbots evolving?
2. What do you think the future holds for conversational
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recruitment chatbots?
(a) Considering your experiences, how do you foresee chat-
bots evolving in the coming years?

B.2 Using HCAI chatbot

Now, let’s shift our focus to theHuman-CenteredAIChatbot.
Do you think you would like to use our Chatbot as we

want to design it?
Based on your preferences and needs, what features or

capabilities would be crucial for you in using this Chatbot?
What feature or factor can make it more human-centric.

What do you find important for using this Chatbot?
How can the Chatbot best align with your expectations

and needs?
What experience would you expect from using this

Chatbot?

Is there something you would like to add?
Any additional thoughts or suggestions based on your

experiences that you would like us to consider in the devel-
opment of this Chatbot?

Overarching question:What, in your opinion, is the key
factor that encourages users to accept a tool designed with a
human-centric approach?

In particular, what features or considerations should our
designers and developers incorporate into the chatbot to
enhance its acceptability?

Closing: Thank you for sharing your valuable insights.
Your input will significantly contribute to the refinement and
improvement of our chatbot. If you have any further thoughts
or suggestions after this interview, please feel free to share
them with us. Your participation is immensely appreciated.

Appendix C: Questionnaire phase 3

Table 10 Questionnaire items
and factor loadings

Construct/Items Loading M(SD)

Perceived ease of use (Davis 1989) [15] 5.51(.99)

1. Is the interaction with the recruiting 0.839

Is chatbot clear and comprehensible?

2. Is it easy to remember how to easily 0.828

interact with the Recruiting chatbot?

3. Is it satisfactory to use the chatbot for online shopping? R∗ 0.479

4. Is it frustrating to use the recruiting 0.887

chatbot for job seeking or to recruit?

5. Does the interaction require little effort? R∗ 0.473

6. Does the interaction with the recruiting 0.791

Does the chatbot require excessive mental effort?

7. Is it easy to find the information you are 0.804

looking for a recruitment chatbot?

8. Do you think you could easily become skilled 0.908

using the chatbot Job search / Candidate Hiring?

Perceived Usefulness (Davis 1989) [15] 4.83(1.29)

1. Using a recruiting chatbot improves my 0.907

Job search / Candidate Hiring experience?

2. Is the chatbot effective for recruitment? R∗ 0.516

3. Using a recruiting chatbot in my job increases my productivity 0.828

4. I find a recruiting chatbot to be useful in my 0.885

Job search / Candidate Hiring experience

Perceived ease of use (Davis 1989) [15] 5.51(.99)

1. Is the interaction with the recruiting 0.839

Is chatbot clear and comprehensible?

2. Is it easy to remember how to easily 0.828

interact with the Recruiting chatbot?

123



Personal and Ubiquitous Computing (2024) 28:961–984 981

Table 10 continued Construct/Items Loading M(SD)

3. Is it satisfactory to use the chatbot for online shopping? R∗ 0.479

4. Is it frustrating to use the recruiting 0.887

chatbot for job seeking or to recruit?

5. Does the interaction require little effort? R∗ 0.473

6. Does the interaction with the recruiting 0.791

Does the chatbot require excessive mental effort?

7. Is it easy to find the information you are 0.804

looking for a recruitment chatbot?

8. Do you think you could easily become skilled 0.908

using the chatbot Job search / Candidate Hiring?

Perceived Usefulness (Davis 1989) [15] 4.83(1.29)

1. Using a recruiting chatbot improves my 0.907

Job search / Candidate Hiring experience?

2. Is the chatbot effective for recruitment? R∗ 0.516

3. Using a recruiting chatbot in my job increases my productivity 0.828

4. I find a recruiting chatbot to be useful in my 0.885

Job search / Candidate Hiring experience

5. Recruitment chatbot provides support to the 0.926

online shopping experience?

6. Using a recruiting chatbot enhances my effectiveness 0.878

in my Job search/Candidate Hiring experience

7. Recruitment chatbot speed up the Job 0.927

Search/Candidate Hiring experience? 0.924

Transparency (Nilashi M et al. 2016) [50] 3.98(1.74)

1. A recruiting chatbot makes its reasoning 0.924

process clear to me

2. It is apparent to me how the algorithm of a 0.917

recruiting chatbot handles the data of incoming inquiries

3. The recruiting chatbot handles the data of incoming inquiries 0.933

Trust (Van Pinxteren et al. 2019) [51] 4.63(1.43)

1. I feel like the chatbot has my best interest 0.896

at heart during the recruitment process

2. The chatbot provides accurate information about candidates 0.867

the hiring process or jobs available and steps to apply

3. I feel I can rely on the chatbot to execute recruitment tasks effectively 0.0807

Efficiency (Teo T et al. 2011) [67] 3.93(1.56)

1. The recruiting chatbot significantly streamlines the hiring process 0.955

resulting in time and effort savings

Using the chatbot keeps me engaged while applying or hiring. R∗ 0.446

3. Using the recruiting chatbot enhances the overall 0.955

the efficiency of the job search or candidate hiring

4. The recruiting chatbot effectively handles tasks 0.947

contributing to a faster and more efficient process
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Table 10 continued Construct/Items Loading M(SD)

Personalization (Cheng Y et al. 2020) [53] 4.64(1.45)

1. The recruiting chatbot provides personalized responses 0.914

based on individual preferences and needs

2. Interactions with the recruiting chatbot are characterized 0.941

by a noticeable level of personalization

3. The recruiting chatbot adapts to unique job 0.906

search or candidate hiring requirements

4. The recruiting chatbot’s interactions reflect an adaptability 0.932

to unique job search or candidate hiring requirements

Ethical Concerns (Sekhar S et al. 2020) [54] 3.89(1.73)

1. It is crucial for the recruitment chatbot to address biases 0.939

and actively prevent discrimination in the hiring process

2. I think recruitment chatbot design is important in actively preventing 0.938

discrimination in the hiring process as an ethical priority

Note: M(SD) stands for Mean (Standard Deviation). R = reversed items. * denotes items that were removed
from Confirmatory Factor Analysis (CFA). This table synthesizes the constructs, items, their loadings, and
the mean scores with standard deviations, offering a structured overview of the users’ acceptance of chatbots
in the context of online shopping
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