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Abstract 
Organizations' decision-making processes are 

increasingly supported by novel AI applications. 
While intelligent systems appear promising for 
enhancing various professional tasks, domain experts’ 
perceptions of the adoption and use of AI remain 
understudied. Following a human-centered design 
approach, this qualitative interview study (N=15) 
explores the potential of AI applications from 
recruitment experts’ perspectives. The results of the 
study emphasize the collaborative nature of AI: 
recruitment experts anticipate AI to augment their 
expertise positioning as a complementary information 
source. Domain experts would then evaluate and 
justify this outcome according to certain recruitment 
situations and combined with recruitment experts’ 
tacit knowledge. Novel AI applications are expected to 
align with underlying social and societal factors that 
guide the domain experts’ work practices. The results 
provide qualitative understanding into domain 
experts’ user experience and human-AI collaboration 
in knowledge work, offering insight into human-
centered AI design and development. 
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1. Introduction  

Across disciplines, applications of Artificial 
Intelligence (AI) are anticipated to cause fundamental 
changes to work-life, automating different tasks and 
augmenting human capabilities (Brynjolfsson & 
McAfee, 2012; Brynjolfsson & Mcafee, 2017; Jarrahi, 
2018). In recruitment, AI applications are anticipated 
to, for instance, automate candidate communication, 
mitigate biases in recruitment decisions, or make sense 
of the hiring data (Black & van Esch, 2020; Albert, 
2019; Laurim et al. 2021; Lee, 2018). There are also 
emerging concerns regarding AI systems in 

recruitment context, relating to the social and societal 
consequences, risks and pitfalls, such as the autonomy 
of recruitment experts, and justice in terms of 
candidates’ fair treatment (Koivunen et al., 2023). 
Overall, the new wave of digitization is considered to 
put pressure on public values, underlining a need to 
ensure that societal values and fundamental rights are 
safeguarded in AI-era (Royakkers et al. 2018). To this 
end, novel AI systems can be considered as 
sociotechnical artifacts, which refers to a mutual 
constitution and interdependency of social and 
technological elements. These systems do not function 
in technical isolation but are embedded in societal, 
institutional, or organizational contexts with their own 
mechanisms and roles (Sawyer & Jarrahi, 2014; 
Araujo et al., 2020.) Sociotechnical system design 
acknowledges the human values and the needs of the 
employee (Mumford, 2000) and collaboration of 
social and technical to accomplish tasks (Appelbaum, 
1997).  

In this study, we aim to understand the domain 
experts' needs and expectations towards novel AI 
applications in their work, and the expert-AI 
interaction and collaboration in the recruitment 
context. Expectations can reveal how people 
conceptualize novel technology (Hiltunen et al., 2002; 
de Vries et al., 2003). Understanding users’ 
expectations might help to interpret the product 
characteristics that contribute to the user experience 
(Olsson, 2014; Yogasara et al. 2011) and the 
circumstances and factors encouraging or 
discouraging the system adoption (Raj & Seamans, 
2019). In this study, we refer to AI as a collaborative 
system: machines and humans cooperate to achieve a 
common goal and engage to some extent in complex 
problem-solving processes (Seeber et al., 2020).  
Although the “machine as a teammate” perspective 
has also gained criticism due to unnecessary 
anthropomorphism (e.g., Schneiderman, 2020), there 
is an ongoing discussion if human and machines can 
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have complementary strengths in organizational 
decision-making processes (Jarrahi, 2018; 2022), and 
what skills and competencies end-users need to 
develop in AI-driven organizations (Budhwar et al., 
2022). In addition, domain expert users’ user 
experience with novel AI systems in their work remain 
understudied, even though recent research has found 
that domain expert users perceive AI systems 
differently in comparison to non-expert users 
(Brynjolfsson et al., 2023). 

Considering the increasing development of novel 
AI applications to support work life, we argue that 
understanding domain experts’ perspective is essential 
in designing and developing AI applications that 
provide means to enhance and support domain experts 
in their work. Human-centered AI design approach 
underlines the augmentative nature of AI systems: 
rather than replacing humans, AI systems can extend 
human capabilities resulting as safer and more 
manageable future (Crowley et al., 2019; 
Shneiderman, 2020, 2022; Jarrahi, 2018; Preece et al., 
2019). Consequently, human-centered design 
approach necessitates the identification of user needs, 
emphasizing the humanistic perspective instead of 
technological, and focuses on human values such as 
justice and dignity in the design (Auernhammer, 2020; 
Xu, 2019). It is noteworthy that research on AI design 
and development comprises two distinct philosophical 
perspectives: rational and empirical approaches, in 
which rationalists favor laboratory research and 
empiricists real-world observations (Shneiderman, 
2022; Auernhammer, 2020). Currently, most AI 
research focuses on rationalistic perspective although 
it might not be able to capture the complexity of a real-
world contexts (ibid). Our research follows an 
empirical approach, underlying the importance of 
recognizing the complex and socially constructed 
nature of knowledge work that novel AI-tools aim to 
support.  

In our study, we use empirical methods to explore 
recruitment experts’ perceptions of using AI in their 
work, and to gain insight on human-AI collaboration 
in practice. To this end, we ran a qualitative study to 
answer the following research questions: 

RQ1. What kind of needs and expectations do 
recruitment experts have towards AI in their work?  

RQ2.  How is human-AI collaboration expected 
to unfold in practice in the context of workforce 
recruitment? 

To answer these questions, we conducted semi-
structured interviews with 15 domain experts based on 
Finland. The study creates an empirical understanding 
of human-AI interaction and collaboration in 

recruitment and provides insight into domain expert 
users’ user experience.  

2. Related work 

The following discusses the concepts of human-
AI collaboration and domain expertise and describes 
the sociotechnical context of recruitment as AI 
application area.   

2.1. From human-computer interaction to 
human-AI collaboration  

Emerging novel AI applications are challenging 
the current design paradigms in human-computer 
interaction. Iterative development and learning 
abilities, utilization of big data and the “black box” 
nature of AI (i.e., lack of explainability and 
transparency) can make AI applications unpredictable 
when used in real-life context. Due to their adaptive 
nature, AI applications can respond differently to the 
same text input over or behave differently from one 
user to other (Amershi et al., 2019). In addition, AI 
systems can learn to perform tasks autonomously, 
even without existing instructions: like humans, AI 
systems might gather tacit knowledge (Brynjolfsson 
and Mitchell, 2017; Jarrahi et al., 2022). Human users 
are then needed to supervise and “make sense” of the 
system outcomes. For instance, AI systems do not 
know what is or isn’t biased and cannot determine if it 
is learning one (Black & van Esch, 2020). Therefore, 
users should decide when to defer to or override the 
system’s recommendation (Burton et al., 2020; Zhang 
et al. 2022).  

For AI system to be considered collaborative, it 
will need to engage in at least some of the steps in a 
complex problem-solving process (Seeber et al., 
2020). Previous research suggests that AI and humans 
have their own strengths in organizational decision-
making: AI can extend humans’ cognition by 
providing computational and analytical insight 
whereas humans’ holistic approach outperforms AI in 
uncertain and ambiguous situations (Jarrahi, 2018; 
2022). In this “augmentation work” (Baer et al., 2022) 
humans can have different roles, for instance, in 
training and supervising the algorithm, controlling it, 
and explaining its results (Grønsund & Aanestad, 
2020; Teodorescu et al., 2021). Knowledge sharing 
within an organization is considered to facilitate 
effective collaboration between AI systems and 
human employees. These strategies are likely to 
change depending on the context and purpose of use, 
but they might include codification (storing the 
knowledge in a database) and personalization (person-
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person communication of knowledge) (Chowdhury et 
al. 2022). Depending on the application domain, 
human’s holistic perspective, tacit knowledge and 
intuitive analysis might affect the decision-making 
situation (Jarrahi, 2022; Brynjolfsson & McAfee, 
2014). Recent research underlines the notion of 
complementary expertise, referring to a situation in 
which human and AI have complementary strengths, 
resulting as enhanced expert performance and human-
AI cooperation (Zhang, 2022; Bansal et al. 2020).  

2.2. Domain experts as technology users 

In various domains, individuals holding expert 
titles are characterized by their specialized skills, 
distinct attributes, and extensive knowledge acquired 
through substantial experience within specific 
subdomains. In comparison to their less skilled peers, 
experts demonstrate superior performance in precise 
and dependable judgment in challenging situations 
(Ericsson, 2012; Hoffmann, 1998). Expertise in our 
study follows a relative approach, assuming that 
expertise is a level of proficiency that novices can 
achieve (Chi, 2012). Therefore, becoming an expert 
requires ‘deliberate practice’: engaging in repetitive 
activities with a clear goal and gradual improvement 
process supported by immediate feedback. With 
increasing experience, decision-making becomes less 
effortful and more intuitive (Ericsson, 2014).  

In software development, domain expert users are 
experts in a specific domain who use computer 
environments to perform their daily tasks (Costabile et 
al., 2003). Recent research on AI and expertise has 
been focusing mainly on comparison between 
algorithmic outcomes and expert decisions, and if 
people rely more on human experts’ advice or 
algorithmic outcomes. Findings divide between 
algorithmic appreciation (reliance on algorithms rather 
than humans) and algorithmic aversion (reliance on 
humans rather than algorithms). For instance, Logg et 
al. (2019), Thurman et al. (2019) and Araujo (2020) 
found that people adhere more to algorithmic advice 
than human advice, even when the process is opaque 
or when the advice comes from human experts. 
Algorithmic aversion is more likely to occur if users 
have incorrect expectations, they experience a lack of 
decision control, or AI suggestions counteract the 
user’s intuition (Burton et al., 2020). The preference 
for human vs. AI advice depends on the decision 
domain and the task type the AI is performing in 
(Castelo et al., 2019). For instance, humans might be 
perceived more morally trustworthy than their AI 
equivalent (Tolmeijer et al., 2022). Similarly, in 
recruitment decisions human experts are considered 
fairer than AI I similar decision (Newman et al. 2020).  

2.3. Recruitment as AI application area 

Recruitment and selection are one of the Human 
Resource Management (HRM) activities (Shen & 
Edwards, 2006), referring to a multi-staged decision-
making process including setting the criteria and 
requirements, attracting, and identifying potential 
employees (sourcing), comparing candidates, and 
making the final selection (Barber, 1998; Connerley, 
2014). In recruitment, AI applications are seen as 
promising way to fasten the recruitment process and to 
produce new and objective knowledge by either 
automating or augmenting recruitment processes 
(Black & van Esch, 2020). For example, AI tools can 
automate repetitive tasks, screen candidate CV’s and 
applications, clarify and produce job descriptions, 
gather relevant candidate information, and to increase 
the reliability of the decision-making (Albert, 2019; 
Laurim et al., 2021; Lee, 2018; van den Broek et al., 
2021). Especially in high-volume recruitment 
processes, novel AI systems have proved to increase 
efficiency (Boak & Niehueser, 2020). In addition, 
algorithmic systems are argued to potentially mitigate 
human biases as they lack the influence of emotional 
factors (Black & van Esch, 2020), and thus, might 
even increase diversity (Houser, 2019) and enhance 
the quality of HR decisions (Vrontis et al., 2022). On 
the contrary, algorithmic systems can carry human 
biases and confirm humans’ biased intuition 
replicating and duplicating existing inequalities 
(Raisch, & Krakowski, 2020; Lee, 2018; Sartori, et al. 
2022).  

The successful use of AI in the recruitment 
context is considered to depend largely on the 
recruiters’ acceptance (Boak & Niehueser, 2020). 
Recent studies have examined recruitment experts' 
perspectives on using AI in their work. Boak & 
Niehueser (2020) explored the employees’ (N=7) 
attitudes towards AI on high-volume recruitment and 
found three main factors that support the AI adoption: 
increase in efficiency, demonstrable performance and 
quality of the technology, and ease of use of the 
technology. The findings also uncover concerns, such 
as technology’s ability to conduct the given task, and 
hiring managers’ and candidates’ resistance and doubt 
towards AI. Li et al. (2021) studied recruiters and HR 
professionals (N=15) perspectives on algorithmic 
sourcing and assessment, and the individual and 
organizational dynamics regarding the use of AI-
enabled tools. Their findings underline socio-
organizational factors, such as new assessment 
processes and implementations and recruiter’s social 
capital influencing the use and adoption of AI systems. 
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Laurim et al. (2021) studied recruitment experts, 
managers, and candidates (N=15) expectations and 
attitudes towards AI in recruitment, and the personal 
and contextual factors influencing the acceptance of 
AI-based recruitment technologies. Transparency, 
trialability, and a sense of control were found to be the 
key components increasing the user’s acceptance of AI 
tools whereas successful adoption was based on 
understandability of the algorithms’ internal operation 
and its reasoning. van den Broek et al. (2021) studied 
the development of a machine-learning system for 
hiring and the tensions between developers and 
domain experts. Based on the findings, domain experts 
should be able to define, evaluate, and complement 
machine inputs and outputs whereas developers 
should help experts to discover previously unknown 
insights from data. This process created a new hiring 
practice combining machine-learning and domain 
expertise, labeled as human-ML hybrid practice. 
While these studies offer contextual understanding of 
user acceptance, adoption and social dynamics in 
recruitment, the research concerning human-AI 
collaboration in recruitment remain largely 
unexplored, especially on the future of augmentation 
(Budhwar et al., 2022; Dutta et al. 2022). 

3. Method 

3.1. Study design 

Semi-structured expert interviews were seen as 
useful to gather information about the end-users' 
perceptions and experiences (Blandford et al., 2016). 
The study participants represent both public and 
private organizations and different professional 
positions as indicated in Table 1. This study focused 
on similarities to be able to understand recruitment 
expertise in depth. All participants were living in 
Finland at the time of the interview, and they represent 
the Finnish work culture. 

Altogether 15 one-to-one expert interviews were 
conducted by the first author between December 2020 
and February 2021. The interviewees were recruited 
from recruitment-focused online communities on 
LinkedIn and Facebook. The call for participants was 
targeted at recruitment experts and introduced AI as a 
potential collaborative technology. We did not require 
the participants to have previous experience in AI or 
algorithmic systems.  

After each interview, we took advantage of 
snowball sampling. Interviews were conducted via 
virtual communication platforms Microsoft Teams 
and Zoom. The average length of an interview was 78 
minutes. Before the interviews, the participants were 
asked to fill out a background survey that inquired 

their organizational work environment and 
recruitment practices, their experience in recruitment 
activities, and preliminary expectations regarding the 
use of AI in recruitment.  

 
3.2. Interview themes and procedure 

 
The semi-structured interviews comprised three 

thematic parts: 1) current recruitment decision-making 
process, practices, and the systems, 2) expectations 
and needs towards AI in their work, 3) envisioning the 
use of AI in recruitment. The follow-up questions 
aimed for a deeper understanding of the issues that 
emerged during the interviews. All interviews were 
recorded after asking the participant’s consent.  

 
Table 1. Study participants 

 

3.3. Data analysis 

Thematic analysis was conducted to identify, 
examine, and record patterns of experiences and 
explain the phenomena (Cairns & Cox, 2008). Firstly, 
all the transcriptions were carefully read and re-read, 
followed by descriptive, sentence-level open coding. 
This resulted in 258 initial codes. These codes were 
categorized into 47 themes from which we identified 
3 main themes: 1) the core expertise of recruitment 
experts, 2) the appropriate use of AI systems in 
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recruitment, and 3) the human-AI collaboration in 
recruitment. The analysis was conducted utilizing 
Atlas.ti software by the first author and iteratively 
discussed, challenged, and refined by the co-authors, 
including early-, mid-, and late-career researchers. 
This research follows a constructivist-interpretive 
paradigm in which coding refers to an inductive 
interpretation (McDonald et al. 2019; Blandford et al., 
2016). 
 
4. Results 
 

We structure the results according to three key 
themes: 1) domain experts’ role and responsibilities in 
the recruitment process, 2) identified needs, and 
expectations towards novel AI application in 
recruitment, and 3) considerations related to human-
AI collaboration in practice. 

4.1. The roles and responsibilities of domain 
experts in the recruitment process 

The interviews indicated that the recruitment 
experts’ typical role is to work between the candidates 
and hiring managers, aiming to serve both parties in 
different steps during the recruitment process. 
Recruitment experts' responsibilities include a) 
external and internal communication, b) supporting 
candidate selection, e.g., participating in the 
interviews, c) educating managers in recruitment 
decision-making, e.g., to identify biases, and d) 
analyzing market trends and identifying organizational 
needs. The more experienced the manager is in 
conducting recruitment activities, the less likely they 
need support from the recruitment experts, as P5 
highlighted: “The manager’s experience on 
recruitment affects our [recruiters] participation. For 
instance, how actively we participate in the process 
and what kind of support we provide to them.” One of 
the main tasks for recruitment experts is internal and 
external communication. This might include, for 
instance, defining the candidate requirements, sending 
personalized messages to potential candidates, or 
informing hiring managers or candidates about the 
recruitment process. The participants acknowledge 
communication to be one of the most time-savvy tasks 
in the recruitment process. Nevertheless, it is 
considered important both from the perspective of 
employer brand and candidate experience. 

The recruitment expert’s tacit information about 
surrounding cultural context and candidate’s previous 
work experience was seen as an important part of 
recruitment decision-making. This kind of knowledge 
was emphasized when recruitment was conducted in a 

familiar cultural environment: several participants 
perceived it helpful in evaluating the candidates’ 
cultural fit into an organization. Recruitment experts 
articulated to have tacit knowledge about 
organizational similarity, job positions, titles, salaries, 
and geographical differences. In addition to evaluating 
the candidate’s cultural fit into an organization, the 
recruitment experts aim to provide information for 
candidates about the hiring organization’s culture, 
underlining the reciprocal nature of recruitment and 
the social match between the candidates and the 
organization. On the other hand, many participants 
were aware of the various hidden biases in recruitment 
decision-making and, therefore, recognized that 
avoiding them completely is immensely hard. The 
participants said to mitigate biases by openly 
discussing with the managers during the recruitment 
process and participating in the interview situations 
with an aim to challenge hiring managers’ perceptions 
and assumptions about the candidate. Still, human 
biases were seen as an inevitable part of the 
recruitment process.  

While there are no formal educational 
requirements for recruitment in Finland, there seems 
to be commonly shared ethical principles among study 
participants. Especially values related to equality and 
inclusion were acknowledged among several 
participants. These values guide the overall 
recruitment process and implementing these values in 
the process is mainly the recruiter’s responsibility. In 
addition, six participants underlined the importance of 
empathy. P1 underlines the recruitment process should 
not be too discouraging or tiring for the candidates, 
underlining the societal function of recruitment: “It is 
societally important that candidates remain capable of 
applying for jobs”. However, there might be 
discrepancies depending on the recruitment experts’ 
role in the organization. For instance, if a participant 
was employed within the organization (in comparison 
to recruitment being outsourced), they had more 
practical opportunities to implement values into 
practices. P4 had shifted their position from external 
recruitment consultant to internal recruitment expert 
and perceived that it improved the opportunities to 
develop the practices in accordance with their 
professional ethics. In contrast, if the recruitment 
functions are outsourced, or consulting services are 
used, the recruitment expert’s main task is to fulfil 
their clients’ needs, as P9s’ exemplified: “Recruitment 
experts deliver what is asked, and we try to make it 
fairer, but we cannot fix the system from this position.”  
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4.2. The use of AI systems in recruitment 
process and decision-making 

Several study participants stressed the need to 
either gain support for the recruitment decision-
making process or challenge it with analytical and 
objective insight. Algorithmic systems were 
considered potential to fulfil this need, as P8 defines: 
“The [recruitment] decisions are made with intuition 
and AI could bring more transparency into this. This 
is essential if we want to make good recruitment 
decisions”. Algorithmic systems were perceived more 
capable to focus on relevant factors than humans 
which was expected to enhance the quality of the 
overall recruitment process especially in situations 
that might be affected by human biases, such as 
recruitment interviews. P5’s organization is planning 
to implement facial recognition system into high-
volume recruitment to help recruiters in candidate 
screening. In addition to efficiency, they aim for 
objectivity, as P5 explains: “Timesaving, but also 
comparability and neutrality. Although we educate 
our recruitment team about biases and how to be 
neutral, it is hard. I think humans are not made to be 
neutral in all circumstances.”. P1 visualizes that 
recruitment interviews could be recorded and analyzed 
by an AI application, and both the interviewee and 
candidate could then evaluate and either agree or 
disagree with this analysis. This kind of semantic 
analysis was assumed to increase the transparency of 
the hiring process by deducing biased assumptions and 
hasty conclusions based on the interview situation. 
Similarly, P9 suggests that AI could also question the 
recruitment decision if it identifies e.g., discriminative 
decision-making: “AI could display that “now you are 
making decisions based on these factors, are you sure 
you want to proceed?” This could increase the 
equality of recruitment decisions.” 

In addition to objectivity, study participants 
identified several opportunities to make sense and 
provide insight regarding the organizational data. For 
instance, AI could be used to predict upcoming 
recruitment needs based on general trends on the job 
market, help organizations to identify weak signals 
and global trends, and to identify existing in-house 
expertise. In addition, AI was considered potential in 
supporting candidates in the recruitment process, for 
instance, helping them to find potential job positions, 
analyzing the candidates’ previous work experiences 
and helping them to recognize their unidentified skills 
or talent. From the perspective of recruiting 
organizations, this would result in a larger candidate 
pool and more diverse job applicants. Some 
participants were also curious to use algorithmic 
systems in creative problem-solving, as P14 

articulates: “we could give it a challenging task to 
solve and then with open mind listen what solution AI 
would offer”.  

In addition to augmentation, AI’s potential to 
automatize routine and repetitive recruitment tasks 
and decisions was visible in the research interviews. 
AI was seen suitable to automate tasks that do not 
necessarily require specific recruitment knowledge, 
such as finding and recommending candidates, e.g., 
from existing talent pool, improving communication, 
or helping in administrative tasks. Automated systems 
were particularly emphasized in high-volume 
recruitment with well-defined and straightforward job 
positions, as P12 exemplifies: ”We have several job 
openings that require certain certifications or licenses 
– those would probably be difficult to misinterpret and 
easy to recognize automatically from a CV. (P12: 
Recruiter, public sector). However, four participants 
underline that using AI in candidate screening might 
exclude “unexpected but positive hires” if these 
candidates do not proceed in the recruitment process 
due to predefined requirements and automated 
decision-making. For instance, P1 mentioned a person 
who used to work as a butcher but later appeared to be 
“one of the best salespersons in the organization”. 
(P1: Recruiter, IT).  

 Automated systems were anticipated to increase 
the efficiency of the recruitment process, which was 
seen to benefit the recruiting organization but 
especially the candidates as P7 exemplifies; “the 
faster the process, the better the candidate 
experience” (P7: CEO, recruitment). In addition, 
many participants underlined the importance of good 
candidate communication in recruitment. Eight 
participants admitted that the recruitment process 
might not be transparent to candidates and identified a 
need to enhance the candidate's experience by finding 
new ways to improve communication. AI as 
automation was seen as useful, for instance, in sending 
automated updates about the recruitment process and 
providing recruitment feedback for the candidate. 
Automated processes were emphasized in larger 
organizations and in high-volume recruitment.  

4.3. Considerations on human-AI 
collaboration in recruitment  

To be able to justify the recruitment decision and 
to remain responsible and accountable for the overall 
recruitment process, several participants underlined 
the need to understand the technology, either from the 
process perspective; what the AI does and why, or 
from the product perspective; how the algorithm has 
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been built. Three participants acknowledge that the 
systems’ performance would be compared to other 
recruitment tools and systems. For instance, P4 
compared AI applications to a talent assessment tool 
where recruitment experts must understand how the 
tool arrives at a certain conclusion and then, according 
to their own judgment, choose if they should rely on 
this outcome: “I do not make decisions or 
recommendations based on the assessment tool. The 
same principle would probably apply in the use of AI.” 
(P4: Talent acquisition and HR partner: Supports 
strategic recruitment in HR/ITC industry). The 
participants stated that they should have the 
possibility, for instance, for an AI audit, evaluation, 
and validation, or trial the AI system. As an outcome, 
they stressed the need to develop new skills in an 
increasingly digitalized recruitment environment. 
They identified educational needs to learn the 
practicalities in the use of AI, for instance, technical 
understanding and analytical skills. Also, responsive 
attitude towards new technologies was perceived 
important among few participants. Some participants 
considered that uncertainty and even fear might 
prevent the use and deployment of novel AI 
applications, as P12 demonstrates: “That is what I am 
afraid of. That if we were implementing AI now... my 
expertise is not yet on that level; I certainly would not 
be able to consider everything.” (P12: Recruiter, 
public sector) 

For most of the participants the role division 
between humans and AI seemed to be clear. “Human-
in-the-loop” perspective (i.e., human users supervising 
the AI system) was underlined, and participants 
seemed to be receptive towards AI if humans remain 
in control. P3 visualizes their ideal human-AI 
interaction and collaboration: “We should use AI to 
support recruitment but not to make decisions. AI 
could give hints and suggestions that we could process 
further. Collaboration with humans would be the most 
fruitful”. Similar observation was made by P13: “I 
wouldn’t let the technology decide: it cannot think 
through. But maybe it could bring to the surface those 
issues that we have been blind to”. Many participants 
underline that AI can’t understand ethical 
perspectives, social connections and empathy that 
recruiters consider essential in recruitment. 
Nevertheless, few participants acknowledge that AI 
can be more reliable than their human counterpart 
questioning the human “idealization” in comparison to 
AI, as P10 comments: “machine can be more 
systematic and therefore more reliable than human”. 
Some participants underline that the decision 
outcomes might not be immediate and therefore, the 
quality of the overall recruitment process and 

decisions are monitored in long-term performance: 
such as if the selected person appears to be a good fit 
for the organization. It is noteworthy that uncertainty 
is an essential characteristic of the recruitment 
process.  

Several participants indicated a critical attitude 
regarding the imagined challenge that AI applications 
aim to solve. They necessitated a need to understand 
recruitment as an AI application area and emphasized 
the need to consider critically if the technology is the 
right solution for an identified problem. P15 calls for 
understanding domain experts’ perspective: “It would 
be nice if you could see if from recruitment experts’ 
perspective. What we do and what could be done, what 
is a good way to proceed in each step”. Collaborative 
design practices were considered essential when 
developing algorithmic systems to support recruitment 
experts’ decision-making. Few participants 
questioned the AI developer's competence to identify 
and solve recruitment-specific challenges without 
having domain expertise, as P6 exemplifies:” Those 
who have not worked a single day in recruitment, are 
supposedly identifying a problem and building a 
solution for that.” (P6: Recruitment and management 
consulting). Interestingly, cautious attitudes towards 
technology providers’ domain expertise focused 
mainly on external providers. P2’s and P5’s 
organizations can develop technological recruitment 
solutions internally and declare that having this 
knowledge of organizations’ recruitment practices is 
helpful in developing useful and usable systems.  

5. Discussion 

The aim of this research was to explore 
recruitment experts’ needs and expectations towards 
AI in their work, and human-AI interaction and 
collaboration in knowledge work. The findings of our 
study reflect general discourse around AI risks and 
pitfalls, such as erroneous machine learning or lack of 
human control, emphasizing a need for collaborative 
design practices (van der Broek et al. 2021). The 
findings underline the complementary nature of AI: 
recruitment experts anticipate AI to enhance their 
expertise and decision-making by providing objective 
insight which would then be evaluated according to 
certain recruitment situations and combined with 
recruitment experts’ tacit knowledge. Although our 
study focuses on recruitment domain, the findings 
offer generalizable considerations on human-AI 
interaction and collaboration in knowledge work. 
These considerations include a) value-based expert 
role, b) augmented expertise, c) domain experts’ user 
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experience. We will discuss these considerations 
below, followed with future work and limitations. 

Value-based expert role refers to the 
underlying motivational and societal factors that are 
embedded in the domain experts’ work practices. 
Although the organizational goal of recruitment is “to 
find the right person in the right position at the right 
time” (Breaugh, 2013; Koivunen et al., 2019), our 
findings suggest that the domain experts’ work are 
driven by social and societal factors and values, such 
as inclusion, equality, and candidates’ well-being. 
These values guide their work practices and reflect 
also in their perceptions regarding AI. It is noteworthy 
that although the participants did not specify the origin 
of these values, none of them mention such 
requirements emerging from their organization. 
Instead, these underlying values seem to be more an 
individual or professional preference, also reflecting 
the cultural context in which the study was conducted 
in. According to Li et al. (2021), societal factors (e.g., 
diversity), can cause shifts in the employer’s hiring 
focus. As digitization might pressure public values 
(Royakkers et al., 2018), these societal values should 
be acknowledged in the design and development of 
novel AI applications and safeguarded accordingly as 
they can also be considered to increase the 
meaningfulness of the work. 

The participants in our study underline a need 
for AI augmentation: recruitment experts aim for the 
best possible decision with available information, and 
AI systems could position as one additional 
information source. This is what we define as 
augmented expertise. Recruitment decision-making is 
a collective decision-making process in which AI-
provided information can amplify but the outcomes 
are coordinated and evaluated by domain experts. AI 
application might have agency and these systems 
might trigger the decision-making process (van den 
Broek et al. 2021), but AI-outcomes are not expected 
to override domain experts’ judgment: rather these 
systems offer a reflection that is not possible for 
humans to achieve in interpersonal communication. 
This refers to augmentation work, in which the user of 
algorithmic systems audits and assesses the 
algorithmic output against the ground truth (Grønsund 
& Aanestad, 2020). It is noteworthy that achieving the 
ground truth might be difficult in recruitment as 
recruitment decisions are very situational, and only 
time reveals if the selected person was the right 
decision for the position. Recruitment experts’ tacit 
knowledge might be an essential part of the 
recruitment processes and also a relevant factor when 
considering knowledge sharing in organization, and 
e.g., the codification (storing knowledge on database) 
(Chowdhury et al. 2022).  

When considering the domain experts’ user 
experience, our findings align with previous research. 
AI systems are expected to be understandable and 
transparent, and using these systems might require 
domain experts’ de-/reskilling, for instance, regarding 
their technical capabilities and proper training (Laurim 
et al., 2021; Boak & Niehueser, 2020). Boak & 
Niehueser (2020) underline that different learning 
strategies should be considered during the technology 
implementation, and thorough briefing and training 
are also needed for other stakeholders, such as 
candidates and hiring managers. There seems to be an 
interesting paradox regarding human-AI collaboration 
in expert work: AI is expected to exceed human 
capabilities by providing objective insight while 
simultaneously AI systems are expected to be 
thoroughly explainable and transparent. It remains to 
be seen how this challenge can be tackled. On a more 
practical level, there is a concern that current design 
paradigms are not suitable when designing AI systems 
into expert work. For instance, Li et al. (2021) stress 
that tools used for finding candidates follow similar 
design paradigms as those that are built for everyday 
enjoyment, and thus the decisions could be made too 
hastily without reflecting the possible consequences. 
On the contrary, Boak & Niehueser (2020) found that 
ease of use and intuitiveness of the AI system in high-
volume recruitment is a key factor in recruitment 
employees’ AI adoption. Overall, novel systems in 
knowledge work should be designed in a way that 
allows either following the algorithmic outcome or 
acting oppositely with confidence, and this is not only 
a technical but also an educational issue. 

As future work, we will continue exploring 
the social and technical factors in expert-AI interaction 
in knowledge work. For instance, further research is 
needed regarding the development of expertise in the 
AI era and the terms in which expertise can be 
transferred to AI systems. Also, domain expert users’ 
user experience requires more exploration, for 
instance, in drafting design practices that can both 
support ease of use and evoke critical thinking and 
user autonomy. In addition, it is important to re-
investigate factors that support users’ acceptance 
towards novel AI technologies, including candidates’ 
and hiring managers’ needs and expectations.  

This study has certain limitations. Focusing 
mainly on expectations, it might reflect idealistic 
visions of AI systems capabilities in recruitment. With 
an emphasis on a human-centered perspective, this 
study excludes the materiality the technology holds. 
Also, fear of being replaced by AI might lead to biased 
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answers and emphasis on AI augmentation (although 
this fear was not visible in our study).  It is noteworthy 
that research was conducted in an environment that 
follows the EU General Data Protection Regulation 
(GDPR) causing legislative limitations in AI 
implementation in recruitment. Overall, it is important 
to acknowledge the cultural context the study was 
conducted in, and how different demographic and 
societal values might affect the interpretation of the 
study findings. 

6. Conclusion  

The aim of this study was to examine the 
recruitment experts’ needs and expectations toward AI 
systems in their work, and the human-AI collaboration 
in knowledge work. The findings of the study 
emphasize domain experts’ need and willingness to 
augment their existing expertise with novel AI systems 
and reveal interesting insight on domain expert users’ 
user experience. The study results underline 
professional and individual values that are expected to 
be supported by AI systems, stressing the need for 
collaborative design methods. Implementing AI into 
knowledge work is not only a decision to design and 
use technology to achieve organizational goals but 
also a decision that reflects societal values, and it 
should be approached with that respect. The study 
contributes qualitative understanding regarding the 
domain experts’ perceptions towards AI in their work 
and provides empirical insight into human-AI 
collaboration in complex and socially constructed 
knowledge work.  
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