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A B S T R A C T

Generative artificial intelligence (GenAI) is increasingly recognized as a transformative technology that is 
reshaping organizational processes, individual work practices, and workplace interactions. While its benefits for 
efficiency and productivity are widely acknowledged, its impact on employee well-being remains largely 
underexplored. This study investigates the relationship between GenAI adoption and three dimensions of 
employee well-being: emotional, social, and cognitive. Drawing on the job demands-resources (JD-R) model and 
social cognitive theory, we propose a conceptual framework in which the GenAI intensity of adoption mediates 
the relationship between employees’ attitudes toward the technology and their well-being. By analyzing survey 
data from approximately 130 knowledge workers and analyzing it through partial least squares structural 
equation modeling (PLS-SEM), our findings reveal that a positive attitude toward GenAI significantly enhances 
its adoption, whereas a negative attitude does not necessarily prevent usage. Furthermore, the extent of GenAI 
adoption influences all three dimensions of well-being, with team cohesion acting as a mediating factor. These 
results contribute to the literature on workplace well-being and technology adoption by offering theoretical and 
managerial insights into the complex relationship between AI integration and employee experience.

Introduction

Generative artificial intelligence (GenAI) is widely considered a 
disruptive technology with the potential to revolutionize how businesses 
operate and how work is performed (Hoffmann et al., 2024; Arsenyan & 
Piepebrink, 2024), as well as how individuals interact, both within and 
beyond the workplace. This transformation has significant implications 
for personal and social well-being (Parteka et al., 2024). The projections 
for the development of AI, particularly GenAI, are striking. AI is ex-
pected to contribute $13 trillion annually to the global economy by 2030 
(Bughin et al., 2018). Companies are making significant investments in 
AI (e.g., Smith, 2025), and governments are recognizing AI as a strategic 
opportunity (e.g., Jones et al., 2025).

GenAI is a specialized branch of AI that focuses on producing original 
content, such as text, images, and videos (Al-Khatib, 2023). In 2023, it 
attracted significant investment, amounting to approximately $100 

billion (Aranca, 2024). By replicating and enhancing human creativity 
in fields that require extensive knowledge, GenAI has the potential to 
identify hidden patterns and foster innovation (Haefner et al., 2021). Its 
adoption in organizations has recently surged, driven by the emergence 
of intuitive conversational chatbots (e.g., ChatGPT), which are 
increasingly integrated across various industries, including education 
(Hashmi & Bal, 2024), tourism (Gursoy & Song, 2023), and professional 
domains, such as innovation management (Sedkaoui & Benaichouba, 
2024).

GenAI is expected to transform the nature of work by substantially 
enhancing individual performance (Goldman Sachs, 2023). AI is already 
reshaping the roles of highly skilled professionals (Somers, 2024) and 
redefining leadership dynamics (Stackpole, 2024). GenAI fundamentally 
redefines professional roles. For instance, it is altering the re-
sponsibilities of project managers (Müller et al., 2024) and transforming 
the nature of software development (Hoffmann et al., 2024).
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Although the remarkable impact of these technologies on perfor-
mance is widely acknowledged, a less intuitive but equally important 
effect remains underexplored: their impact on users’ well-being (Zhang 
et al., 2024). Similar to other technologies, GenAI influences various 
aspects of work life that are closely related to employees’ well-being 
(Parteka et al., 2024). The most immediate and apparent effect con-
cerns emotional well-being. The adoption of new technologies is often 
associated with anxiety, stemming either from difficulties in mastering 
them or from fears of inadequate performance when using them in 
professional settings (Havrda & Klocek, 2023). A less obvious yet sig-
nificant impact involves workplace relationships—both interpersonal 
and between humans and AI systems (Bailey et al., 2022). As the liter-
ature on communities of practice suggests, learning, knowledge ex-
change, and information sharing are deeply intertwined with social 
relationships (Wenger, 2000). More broadly, the work itself is embedded 
within a dense network of social interactions (Uzzi, 1997). If workers 
increasingly rely on GenAI for information and knowledge rather than 
consulting their colleagues, this shift inevitably affects workplace re-
lationships (Hinds & von Krogh, 2024). The impact on well-being can be 
negative, reducing opportunities for socialization, but it could also be 
positive by empowering individuals who feel less confident in their 
expertise, thus improving their interactions with colleagues.

In the literature, well-being is often conceptualized as a multidi-
mensional construct, including emotional (affective state), social 
(quality of interpersonal relationships), and cognitive (skill develop-
ment and decision-making efficiency) well-being (O’Boyle et al., 2011; 
Xu & Wang, 2021). In an organizational context, these dimensions are 
essential for understanding the quality of work life, especially in the case 
of knowledge-based workers. Although GenAI can reduce the volume of 
repetitive work and support decision-making (Lam et al., 2002; Lozie 
et al., 2024), it can also negatively influence social relationships or in-
crease stress, depending on how it is integrated.

Despite the growing integration of AI in workplaces, research on the 
impact of AI—particularly GenAI—on different dimensions of well- 
being remains scarce. To address this gap, this study aims to analyze 
the relationship between GenAI adoption levels and employee well- 
being. We develop and test a model in which the extent of GenAI 
adoption mediates the relationship between individuals’ attitudes to-
ward technology and their emotional, social, and cognitive well-being. 
To empirically validate this model, we conducted a survey of knowl-
edge workers who actively use GenAI tools. Approximately 130 valid 
responses were collected and analyzed using partial least squares 
structural equation modeling (PLS-SEM) (Becker et al., 2023; Hair et al., 
2019, 2021).

The theoretical contribution of this study lies in being among the first 
to examine the impact of GenAI on multiple dimensions of employee 
well-being, emphasizing its implications beyond task performance. 
Understanding how technologies affect various aspects of work life is 
essential to their effective integration and to mitigate unintended con-
sequences. These findings hold relevance for scholars in the fields of 
organizational studies and technology, as well as for those researching 
workplace well-being. From a practical perspective, these findings offer 
valuable insights for managers responsible for innovation and technol-
ogy adoption, as well as for HR professionals, by deepening our under-
standing of the complex relationships among technology, well-being, 
and work.

Theoretical background

Revisiting the concept of well-being in the age of AI

Well-being is a complex concept, analyzed from multiple theoretical 
perspectives, reflecting both the external conditions of individuals and 
their subjective perceptions of their own lives. Over time, the literature 
has outlined three major perspectives on the concept of well-being: 
subjective well-being, objective well-being, and the capabilities 

approach. Objective well-being refers to the normative assessment of 
living conditions, such as income, housing conditions, and access to 
economic opportunities (Gartaula et al., 2012; OECD, 2011; Popescu & 
Reis Mourao, 2025). In contrast, subjective well-being concerns in-
dividuals’ perceptions of their own lives and includes dimensions such 
as general satisfaction, positive affect, and reduction of negative feelings 
(Diener et al., 2002; Frey & Stutzer, 2009; Veenhoven, 2012; OECD, 
2020). A complementary perspective is that of capabilities, formulated 
by Nussbaum and Sen (1993), which understands well-being through 
the lens of the real freedoms and opportunities that individuals have to 
lead a valuable life. This approach pays particular attention to personal 
autonomy and social support and provides opportunities for personal 
development.

Based on these general foundations, the workplace literature has 
adapted the concept of well-being to the specifics of the workplace. 
Recent studies have proposed a multidimensional approach that high-
lights three main forms of employee well-being: emotional, social, and 
cognitive (O’Boyle et al., 2011; Xu & Wang, 2021). Emotional 
well-being reflects affective balance and the ability to cope with stress 
(Diener et al., 1999; Fisher, 2000), while social well-being is determined 
by the quality of relationships and team integration (Keyes, 2002; 
Chaudhuri & Ghosh, 2012). The cognitive component refers to the 
management of complex tasks, development of skills, and perception of 
one’s own performance (Fisher, 2000).

In this context, the integration of GenAI-based technologies brings 
new challenges and opportunities for understanding employee well- 
being. GenAI can reduce cognitive load, automate repetitive tasks, and 
support learning and decision-making processes, thus contributing to 
emotional balance and professional development (Lam et al., 2002; 
Lozie et al., 2024; Kettlewell et al., 2020). Recent research has also 
highlighted the potential of language models and social robots to sup-
port mental health through virtual counseling and stress management 
(Revell, 2024). At the same time, the study by Shahzad et al. (2025)
showed that the use of GenAI can have positive effects on psychological 
well-being, but these vary depending on the social context and the mode 
of use, highlighting the role of collaborative interaction as a moderating 
factor.

The relevance of GenAI in the work context is supported by the 
systematic analysis carried out by Al Naqbi et al. (2024), which high-
lights how the integration of these technologies affects employee pro-
ductivity in various professional fields, such as health, education, 
business, engineering, and public administration. Al Naqbi et al. (2024)
identified several factors that may limit the effectiveness of GenAI 
implementation, such as the lack of adequate staff training, difficulties 
in technological integration, issues related to information security, 
biases in data processing, and concerns about ethics and confidentiality. 
These aspects are directly related to the psychosocial conditions of work 
and can influence employees’ perceptions of control, fairness, and pro-
fessional stability. Therefore, GenAI’s potential to contribute to 
employee well-being is conditioned by how these challenges are 
managed at the organizational and systemic levels.

In this context, where GenAI is increasingly present in professional 
dynamics and raises issues related to equity, security, and autonomy, a 
deeper reflection on the nature of this technology is also emerging. A 
recent philosophical perspective (Goldstein & Kirk-Giannini, 2025) 
suggests that some advanced intelligent agents, such as language 
models, could manifest their own forms of well-being. Although the 
hypothesis is controversial, it invites us to rethink the relationship be-
tween humans and AI, not only in functional terms but also as part of a 
moral and conceptual transformation in how we define well-being in the 
age of technology.

Attitude toward generative AI and its use

Employee attitudes toward GenAI are complex and multidimen-
sional. The literature highlights that employee attitudes and perceptions 
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play a key role in determining the success or failure of integrating AI into 
work and business processes (Köhler & Hartig, 2024; Huang & Gursoy, 
2024). These attitudes are shaped by individual, organizational, and 
contextual factors that have a direct impact on the adoption and use of 
technology in the workplace (Bankins et al., 2024). On the one hand, 
employees may perceive AI as an opportunity to improve their work and 
efficiency; on the other hand, they may develop concerns about the 
replacement of human roles, the risk of automation, and the loss of 
control over their own careers (Lingmont & Alexiou, 2020; Suseno et al., 
2022; Innocenti & Golin, 2022; Brougham & Haar, 2018). Thus, atti-
tudes toward AI can influence the level of organizational commitment, 
work involvement, perception of job security, and, ultimately, the pro-
fessional well-being of employees (Arias-Pérez & Vélez-Jaramillo, 2022; 
Suseno et al., 2022). Recent studies have also highlighted the existence 
of mixed attitudes, in which employees recognize both the benefits and 
potential risks of AI (Koo et al., 2021), which is consistent with the in-
tegrated acceptance/avoidance model proposed by Cao et al. (2021). 
This ambivalence is strongly influenced by the perception of usefulness, 
trust, ease of use, and support provided for training and adaptation 
(Chatterjee, Chaudhuri et al., 2021, S., 2021; Baabdullah et al., 2021).

Positive employee attitudes toward GenAI are generally associated 
with the perception that this technology can help improve work effi-
ciency, automate repetitive tasks, and achieve faster and more accurate 
results (Sallam et al., 2024). Studies have shown that when employees 
perceive AI as easy to use and compatible with current activities, and the 
organization provides support in developing the necessary skills, their 
willingness to adopt it increases significantly (Chatterjee, Rana et al., 
2021; Baabdullah et al., 2021). Additionally, according to the integrated 
model proposed by Cao et al. (2021), employees are more likely to 
accept AI when they believe that it contributes to achieving their goals 
and facilitates their work. Individuals with a high internal locus of 
control or who perceive AI as a challenging stressor rather than an 
obstacle are more motivated to adapt, retrain, and integrate AI into their 
daily work, increasing engagement and performance (Innocenti & Golin, 
2022; Ding, 2021).

In contrast, negative attitudes toward GenAI are often fueled by fears 
that technology will completely replace certain jobs, reduce career op-
portunities, or make current skills obsolete (Lingmont & Alexiou, 2020; 
Innocenti & Golin, 2022; Suseno et al., 2022). Employees who perceive 
AI as a threat are more likely to experience job insecurity, anxiety, 
decreased work engagement, and reduced organizational commitment 
(Brougham & Haar, 2018; Arias-Pérez & Vélez-Jaramillo, 2022). These 
perceptions generate increased resistance to emerging technologies and 
active avoidance of AI, regardless of its potential benefits (Suseno et al., 
2022; Tong et al., 2021). Furthermore, employees with low levels of 
autonomy in the organization or those in the early stages of their careers 
tend to perceive AI with more skepticism and fear, which reduces their 
ability to trust their own resources and adapt (Leonard & Tyers, 2021). 
In light of these considerations, it is hypothesized that:
H1a. A positive attitude toward GenAI positively influences its use by 
employees.

H1b. A negative attitude toward GenAI negatively influences its use by 
employees.

Use of generative AI and well-being

The concept of subjective well-being in the workplace refers to the 
subjective perception of the quality of one’s work experience and the 
psychological state at work. Over the last few decades, a large number of 
studies (e.g. Lacković, 2019; Smaliukiene & Bekesiene, 2020) have 
shown that job characteristics can have a significant impact on 
employee subjective well-being by influencing aspects such as job stress, 
burnout, and job participation. The job demands-resources (JD-R) 
model (Demerouti et al., 2001) is one of the main theoretical references 

for understanding work-related well-being. This suggests that well-being 
is influenced by the balance between job demands (e.g., high pressure, 
emotional demands, and role ambiguities) and job resources (e.g., social 
support, autonomy, and performance feedback). While excessive de-
mands may lead to stress and burnout, resources enhance motivational 
processes that promote commitment, learning, and organizational 
commitment (Bakker & Demerouti, 2007).

From this perspective, Smaliukiene and Bekesiene (2020) proposed a 
multidimensional view of subjective well-being, articulated in physical, 
cognitive, and socioemotional experiences—three components that 
together determine the quality of working life. Physical experiences 
refer to the influence of the physical environment on work well-being, 
including factors such as the quality of workspaces, ergonomics, and 
comfort. Although physical experiences have an impact on general 
well-being, their weight is less relevant for knowledge workers who 
work in contexts where the quality of their professional experience de-
pends more on nonphysical dimensions, such as information manage-
ment, organizational support, and interpersonal relationships. In this 
category of workers, interaction with technology and the quality of 
cognitive and emotional processes play a more decisive role than the 
physical environment. Cognitive experiences concern the perception of 
one’s own performance, transparency in evaluation processes, and 
fairness in professional development opportunities (Fisher, 2000). These 
experiences are closely related to cognitive well-being (i.e., the ability to 
manage cognitive load, make effective decisions, and develop skills 
without incurring excessive mental fatigue). In parallel, socioemotional 
experiences represent the more complex dimension of occupational 
well-being and include the quality of relationships with colleagues and 
superiors, emotional support, and a sense of belonging to the profes-
sional context (Chaudhuri & Ghosh, 2012). Two distinct but inter-
connected dimensions emerge from these experiences: social well-being, 
which reflects the quality of interactions and the level of integration in 
the team (Keyes, 2002), and emotional well-being, which concerns 
emotional stability and the ability to manage stress and negative emo-
tions (Diener et al., 1999).

The integration of GenAI in organizational contexts is redefining the 
dynamics of work (Bankins et al., 2024), directly affecting the three 
forms of well-being described above. Regarding social well-being, Guan 
et al. (2022, p. 1) stated that “artificial intelligence technology can 
enhance social well-being,” a view supported by Köhler and Hartig 
(2024), who highlighted that AI contributes to improving workplace 
interactions by facilitating information exchange, optimizing commu-
nication, and reducing linguistic or cognitive barriers between workers. 
Tools such as ChatGPT enable smoother and more efficient communi-
cation, contributing to the creation of a more cohesive and collaborative 
working environment. Johnson et al. (2023) showed that preventing 
cumbersome administrative processes significantly contributes to 
reducing individual stress, which has a direct effect on well-being. 
Automating repetitive tasks, reducing human errors, and providing 
transparent and personalized decision support allow employees to focus 
on value-added activities and reduce the pressure associated with un-
certainty and overload. Furthermore, McDonald (2024) argued that 
GenAI can support social well-being by facilitating communication, 
mutual care, and self-expression, in line with the principles of the ethics 
of care, provided the technology is designed to support relationships and 
inclusion, not replace them. In the same vein, Sison et al. (2024)
emphasized that GenAI contributes to social well-being when imple-
mented ethically, with the aim of reducing cognitive effort, stimulating 
creativity, and ensuring a safe and equitable framework for human 
interaction.

Emotional well-being is determined by the quality of interpersonal 
relationships and the ability to experience positive emotions in a pro-
fessional context (Lacković, 2019; Smaliukiene & Bekesiene, 2020). 
However, the concept of emotional well-being goes beyond the simple 
absence of negative emotions and includes the ability to develop resil-
ience and the adoption of coping strategies that help workers manage 

S. Filippelli et al.                                                                                                                                                                                                                                Journal of Innovation & Knowledge 11 (2026) 100844 

3 



daily challenges in a constructive manner (Fisher, 2000). Recent liter-
ature has shown that GenAI can reduce work stress by automating re-
petitive tasks and reducing mental workloads, allowing employees to 
focus on higher value-added activities (Lozie et al., 2024). This promotes 
better emotional balance, reduces anxiety and burnout, and increases 
job engagement (Kettlewell et al., 2020; Diener et al., 1999). Further-
more, Almufarreh (2024) showed that emotional well-being is the most 
important factor in user satisfaction with educational AI tools, even 
exceeding content quality and perceived usefulness. Orji et al. (2024)
demonstrated that the use of GenAI improves well-being and connec-
tivity and reduces stress, providing users with a sense of companionship. 
Papadopoulos et al. (2022) provided significant evidence that culturally 
competent social robots can improve users’ emotional well-being.

Finally, concerning cognitive well-being, GenAI can support workers 
by improving information management, optimizing decision-making 
processes, and facilitating skills development (Smaliukiene & Beke-
siene, 2020). The ability to quickly access complex data, generate 
summaries, and receive suggestions in real time can reduce cognitive 
overload and increase work effectiveness (Lam et al., 2002). According 
to Bandura’s (1986) social cognitive theory, individuals are not passive 
in their work environment but actively seek to improve their skills and 
manage the resources available to them. In this sense, if AI is used as 
support and not as a substitute for human thinking, it can actually 
improve cognitive well-being. Therefore, the following hypotheses are 
formulated:
H2a. Employees’ use of GenAI positively influences their social well- 
being.

H2b. Employees’ use of GenAI positively influences their emotional 
well-being.

H2c. Employees’ use of GenAI positively influences their cognitive 
well-being.

Mediating role of team cohesion between GenAI use and well-being

The use of GenAI in work contexts is profoundly transforming the 
dynamics of collaboration, directly affecting team cohesion. Cohesion is 
defined as the tendency of a group to stick together and collaborate to 
achieve common goals (Carron, 1982), and it is a key element in the 
effective functioning of work teams. Tekleab et al. (2009) pointed out 
that cohesive teams foster a more collaborative working environment, 
which improves job satisfaction, perceptions of performance, and the 
sustainability of group dynamics. The use of GenAI can facilitate team 
cohesion by improving collaboration and knowledge sharing. A crucial 
aspect of team cohesion is the quality of communication among mem-
bers (Troth et al., 2012). The use of GenAI optimizes information flows, 
reduces ambiguities, and improves data accessibility, contributing to 
greater clarity in work interactions. This leads to the strengthening of 
mutual trust and psychological safety, which are fundamental elements 
of a cohesive team (Puranam, 2021). Furthermore, GenAI-supported 
teams show superior performance compared to those that rely solely 
on human collaboration due to the ability of AI to optimize information 
management and task coordination (Li et al., 2024). Thus, the following 
hypothesis can be formulated:
H3a. Employees’ use of GenAI positively influences team cohesion.

In addition to fostering cohesion, GenAI influences workers’ sub-
jective well-being through its mediating role in team cohesion. Cohesion 
acts as a key factor in linking the use of GenAI to the three main di-
mensions of work well-being: social, emotional, and cognitive well- 
being.

Regarding social well-being, team cohesion is essential to creating a 
climate of support and belonging. A work environment characterized by 
strong relationships and effective interactions contributes to an 

improved sense of social integration and reduces employee isolation 
(Beullens et al., 2014; Vanhove & Herian, 2015). Since GenAI improves 
communication and collaboration, its positive influence on social 
well-being is amplified by team cohesion.

Emotional well-being benefits from a cohesive team, as the presence 
of supportive interpersonal relationships helps employees manage stress 
and negative emotions. A harmonious and collaborative work environ-
ment reduces psychological pressure and promotes greater emotional 
stability (Chaudhuri & Ghosh, 2012). GenAI, by automating repetitive 
tasks and reducing workload, can contribute to decreasing work anxiety, 
but it is the cohesion of the team that determines how much these effects 
translate into an actual improvement in emotional well-being.

Finally, cognitive well-being is influenced by team cohesion, as a 
collaborative environment fosters knowledge sharing, collective prob-
lem solving, and reduced cognitive fatigue (Smaliukiene & Bekesiene, 
2020). The use of GenAI provides support for decision-making and in-
formation processing, but it is the ability of a cohesive team to effec-
tively integrate these technologies that determines their real impact on 
managing cognitive load and developing workers’ skills.
H3b1. Team cohesion mediates the relationship between the use of 
GenAI and social well-being.

H3b2. Team cohesion mediates the relationship between the use of 
GenAI and emotional well-being.

H3b3. Team cohesion mediates the relationship between the use of 
GenAI and cognitive well-being.

Research methods

Sample, measures, and data collection

To test the hypotheses developed in our conceptual model, we 
collected data from 158 knowledge workers working in Italy, but we had 
to delete 29 answers because they were incomplete, leaving us with 129 
answers in the final sample. To design the questionnaire, we adopted 
several multi-item scales previously used in the literature. As shown in 
Table 1, we used a three-item scale—such as “I spend a lot of time using 
Generative AI tools”—to measure the use of GenAI (variable GAI) 
(Al-Emran et al., 2024), while team cohesion (Tekleab et al., 2009) was 
measured with a five-item scale—such as “The members of this orga-
nization help each other when working on a task” or “We all take re-
sponsibility for any loss or poor performance of our team.” To measure 
well-being, we used three constructs to differentiate among emotional 
well-being (EW) (Frydenberg et al., 2009), social well-being (SW) 
(adapted for the workplace context from European Social Survey, 2012), 
and cognitive well-being (CW) (adapted from Smaliukiene and Beke-
siene (2020) and Tennant et al. (2007)), measuring each of them with 6 
items adapted from literature to the workplace context, for example, 
“How much of the time did you feel relaxed and free of tension while at 
work?” or “I rarely experience mental fatigue or cognitive overload in 
my work.” Eventually, for the positive attitude (Köhler & Hartig, 2024) 
and the negative attitude (Köhler & Hartig, 2024) toward GenAI, we 
have used 4 items each, for example, “Generative AI is among the most 
important inventions of the 21st century” or “Generative AI contributes 
to the spread of misinformation.” The entire set of scales used in our 
survey is reported in Table 1.

We collected data in January 2025. We collected 129 complete an-
swers composed mostly of men (57.36 %), and most of the respondents 
were in the 35–44 age bracket (43.41 %), closely followed by the 25–34 
age bracket (40.31 %). They were working in some part of a hybrid 
setting; for example, they worked partially remotely and partially in the 
office. The main statistics of the participants are reported in Table 2.
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Data analysis

To test the hypotheses in our conceptual model, we adopted a PLS- 
SEM (partial least squares approach to structural equation modelling) 
(Hair et al., 2011; 2021), implemented using the seminr (2.3.4) package 
in R-Cran (4.4.1). According to some authors (Hair et al., 2021), the PLS 
approach, that is, a composite-based SEM method (Hwang et al., 2020), 
assumes that concepts may be measured as composite variables that can 
be considered valid proxies of the concepts (Hair et al., 2019), and it has 
proven to be particularly effective when studying small sample sizes and 
complex models (Cassel et al., 1999; Hair et al., 2019). Furthermore, this 
approach does not rely on the distributional assumption of the variables 
(Hair et al., 2017a, 2017b), and it is particularly suited for models 
adopting ordinal scales, such as in our case (Sarstedt & Mooi, 2019). 
Furthermore, the PLS-SEM approach has been shown to provide results 
that are at least as good as those of covariance-based SEM when the 
sample size is small and there are only a few indicators for each latent 
variable (Hair et al., 2019). This approach has been used in different 

fields related to our study, such as studies on employee well-being (e.g., 
Muhammad et al., 2022), in the adoption of GenAI (e.g., Cimino et al., 
2024; Popescu & Stam, 2025), and in its effect on specific aspects of 
employee performance, such as their creativity (Zhang et al., 2024). This 
approach is usually applied by studies (Hair et al., 2021) using a 
two-step approach: (1) the quality of the outer (measurement) model 
and (2) the assessment of the inner (structural) model’s predictive 
power.

Results

Measurement model

In the first step, we must evaluate the quality of the indicators and 
how we measured them. In particular, we must verify the reliability of 
the indicator, which should be greater than 0.7 (Hair et al., 2021). Ac-
cording to Hair et al. (2021), if the values are lower than 0.7 but higher 
than 0.4, they should be deleted, and the model should be retested. 

Table 1 
Questionnaire scales and related sources.

Variable Code Items Assessment Source:
Generative AI Use 

(GAI)
GAI1 I use Generative AI tools frequently. Strongly disagree, disagree, 

neutral, agree, strongly agree
Al-Emran et al. (2024)

GAI2 I spend a lot of time using Generative AI tools.
GAI3 I exert myself to use Generative AI tools.

Team Cohesion 
(TC)

TC1 Our organization members communicate freely about each of our 
personal responsibilities in getting a task done.

Strongly disagree, disagree, 
neutral, agree, strongly agree

Tekleab et al., (2009)

TC2 We all take responsibility for any loss or poor performance by our 
team.

TC3 The members of this organization help each other when working on a 
task.

TC4 The members of this organization get along well together.
TC5 The members of this organization stick together.

Emotional Well- 
being (EW)

EW1 In the past month…. 
How much of the time have you felt that your future in this 
organization looks hopeful and promising?

Never, rarely, sometimes, often, 
always

Adapted for workplace context from 
Frydenberg et al., (2009)

EW2 How much of the time has your work been full of tasks and 
responsibilities that are interesting to you?

EW3 How much of the time did you feel relaxed and free of tension while 
at work?

EW4 How much of the time have you felt valued and appreciated by your 
colleagues and/or supervisors?

EW5 How much of the time have you felt happy and satisfied with your 
work experience?

EW6 How much of the time have you felt that you are a valuable and 
competent employee, as good as your colleagues in similar roles?

Social Well-being 
(SW)

SW1 I feel lonely or isolated at my workplace (Loneliness). Strongly disagree, disagree, 
neutral, agree, strongly agree

Adapted for workplace context from 
European Social Survey (2012)SW2 I receive help and support from colleagues and supervisors when 

needed (Help).
SW3 I feel close to my colleagues at workplace (Sense of belonging).
SW4 People at work try to take advantage of others (Perceived 

exploitation).
SW5 Most people at work can be trusted (Trust).
SW6 I can openly discuss work-related concerns with colleagues 

(Openness).
Cognitive Well- 

being (CW)
CW1 I feel mentally sharp and capable of solving complex problems. Strongly disagree, disagree, 

neutral, agree, strongly agree
Adapted from Smaliukiene & 
Bekesiene (2020)CW2 I feel that my cognitive abilities (such as reasoning, memory, and 

problem-solving) are functioning at a high level.
CW3 I rarely experience mental fatigue or cognitive overload in my work.
CW4 I have been thinking clearly. Tennant et al. (2007)
CW5 I am able to analyze and solve work-related problems effectively.
CW6 I feel confident in my ability to process information and make 

decisions at work.
Positive Attitude 

toward 
Gen AI 
(POS_ATT)

AP1 Generative AI is among the most important inventions of the 21st 
century.

Strongly disagree, disagree, 
neutral, agree, strongly agree

Köhler and Hartig (2024)

AP2 Generative AI is easy to use and accessible to a wide audience.
AP3 Generative AI is a reliable source of information.
AP4 Generative AI helps improve productivity and efficiency.

Negative Attitude 
toward 
Gen AI 
(NEG_ATT)

AN1 Generative AI reproduces stereotypes and biases. Strongly disagree, disagree, 
neutral, agree, strongly agree

Köhler and Hartig (2024)
AN2 Generative AI contributes to the spread of misinformation.
AN3 Generative AI raises concerns about copyright and intellectual 

property rights.
AN4 Generative AI consumes too much energy, negatively impacting the 

environment.

S. Filippelli et al.                                                                                                                                                                                                                                Journal of Innovation & Knowledge 11 (2026) 100844 

5 



Using this procedure led us to the removal of 6 items (CW3, EW3, GAI3, 
POS_ATT3, NEG_ATT1, and SW4).

The second element to consider is the internal consistency reliability, 
which is usually assessed using Jöreskog’s (1971) composite reliability 
rhoC, Cronbach’s alpha, and the reliability coefficient rhoA (Dijkstra, 
2014). Our model surpassed the suggested threshold of 0.7 for each 
construct. To evaluate convergent validity, we used the average vari-
ance extracted (AVE) for all indicators, checking that it was greater than 
0.5 (Hair et al., 2021). The data for these tests are reported, with R2 of 
the model, in Table 3.

Finally, to evaluate the discriminant validity of our model, we have 
used both the Fornell–Larcker criterion and the HTMT (Henseler et al., 
2015), as reported in Table 4. As a criterion, for the Fornell–Larcker 
criterion, the square root of AVE for a given constrict should be higher 
than the constructs’ correlation with the other constructs, while the 
HTMT values must be <0.85 for constructs that are conceptually 
different and 0.90 for those that are conceptually very similar.

Structural model

We checked the quality of the model using R2, which is reported in 
Table 3. Some scholars have defined rough measures to identify sub-
stantial, moderate, and weak predictive power. The most frequently 
used were defined by Hair et al. (2011) as 0.75, 0.5, and 0.25, respec-
tively. The study of R2 shows that, in general, our model has a “mod-
erate” prediction power for social well-being (0.326), while only a weak 
prediction power for emotional and cognitive well-being (0.194 and 
0.184, respectively).

After this test of the structural model, we looked at the predictive 
power of the model using the PLSpredict approach (Shmueli et al., 
2019). This approach is considered more conservative than the CVPAT 
approach (Sharma et al., 2023), as its results are calculated factoring in 
the effect of all the early antecedents and not only of the direct ante-
cedents (Sarstedt et al., 2019). Using this approach, we found that the 
PLS out-of-sample error is lower than the naïve LM out-of-sample error 
by 11 times on 21 for the RMSE and by 10 times on 21 for the MAE; the 
model has medium predictive power (Shmueli et al., 2019).

After these two tests, we used a bootstrap procedure (5000 resamples 
according to Hair et al., 2021) to test our hypotheses. The results of these 
tests are reported in Fig. 1 and Table 5.

As shown in all the paths, we found support for most of the paths in 
our conceptual framework. Specifically, we did not find support for the 
hypothesis NEG_ATT on GAI or for the direct effect of GAI on CW.

Discussion

In this research, we investigated how adopting GenAI may influence 
employee well-being. We adopted a three-dimensional vision of well- 
being that builds on the model developed by Smaliukiene and Beke-
siene (2020). We applied the model to knowledge workers, removing the 
physical dimension, as it may be less relevant in this context, and 

focused on the cognitive dimension.
Our results show that positive and negative attitudes toward AI have 

different effects on the extent of adoption. This confirms the results of 
previous studies adopting a behavioral perspective to investigate factors 
supporting or hindering a given behavior (see, e.g., Claudy et al., 2013; 
Tani et al., 2022).

In particular, our results confirm the findings of some previous 
studies (Bankins et al., 2024; Sallam et al., 2024), which state that an 
employee’s positive attitude toward AI is a relevant factor in helping 
companies implement these new technologies. At the same time, we did 
not find support for the idea that the usage of GenAI is significantly 
limited by a negative attitude, which is in contrast with several previous 
studies (e.g. Arias-Pérez & Vélez-Jaramillo, 2022; Suseno et al., 2023). 
These results might be explained by considering that the level of 
adoption is often an organizational decision and is not based on the 
employee perception of AI services. Indeed, the low R2 we found for GAI 
hints at the existence of several other predictors of this behavior.

At the same time, we found that GAI was able to influence both social 
well-being and emotional well-being, thus confirming the previous re-
sults by Köhler and Hartig (2024). However, it does not have a signifi-
cant effect on cognitive well-being, hinting that while these tools may 
improve information management (Smaliukiene & Bekesiene, 2020) 
and may reduce cognitive fatigue from repetitive tasks (Lam et al., 
2002), they may drive behaviors that reduce employee well-being. This 
finding is reinforced by evidence that GAI’s effect on cognitive 
well-being is fully mediated by team cohesion, highlighting the role of 
the work context, as shown by Beullens et al. (2014). Similarly, we found 
that the effect of team cohesion on social and emotional well-being was 
also positive.

Theoretical implications

Our results support the idea that for knowledge workers, it is relevant 
to study social well-being separately from cognitive well-being, at least 
when considering the effects of new technologies. We found that 
adopting GenAI services in the workplace has a different impact on these 
two subdimensions, with a positive influence on social well-being and an 
insignificant one on cognitive well-being. This is partially due to the 
characteristics of these technologies that may help to improve the 
working climate (Köhler & Hartig, 2024), even if this may lead em-
ployees to feel less empowered in their cognitive work, reducing 
cognitive well-being (Koeszegi, 2024) and increasing the fear of losing 
control of their work (Bankins et al., 2024).

At the same time, our results highlight that team cohesion is a rele-
vant factor in making organizations get the most out of GenAI. Team 
cohesion fully mediates the relationship between GAI and cognitive 
well-being, further supporting the relevance of the working climate to 
the satisfaction that knowledge workers may get from their work, even 
when it is enhanced by GenAI. The results suggest that a better climate, 
which supports the widespread adoption of GenAI services in the orga-
nization, helps employees to focus on the most satisfying and stimu-
lating tasks (Lam et al., 2002).

Lastly, we found that GAI is one of the drivers of team cohesion, 
further supporting the idea that these technologies help improve 
collaboration and knowledge sharing in the workplace, in line with 
previous results by Troth et al. (2012). At the same time, our results 
show that while these relationships have moderate-to-good predictive 
power, the relatively low R2 for the well-being constructs hints that 
there are other drivers at play.

Managerial implications

Our study has several results that might be relevant to practitioners. 
In particular, the first remark is that GenAI may indeed improve the 
well-being of employees, probably as a way to alleviate the burden of the 
most tedious and repetitive tasks or as a tool to support them in the most 

Table 2 
Descriptive statistics.

Gender Count %
Female 55 42.64 %
Male 74 57.36 %
Age Count %
Under 25 4 3.10 %
25–34 52 40.31 %
35–44 56 43.41 %
45–54 17 13.18 %
Over 54 0 0.00 %
Work Mode Count %
Fully in-office 34 26.36 %
Fully remote 14 10.85 %
Hybrid (part remote, part in-office) 81 62.79 %
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complex ones.
At the same time, managers should consider that before imple-

menting these services, they should work on improving team cohesion 
and promoting an environment that is supportive of these technologies. 
This is necessary to create a context that supports the social and 
emotional dimensions of employee well-being but also a factor to 
counter the potentially negative effects that adopting GenAI may have 
on cognitive well-being. Managers should make it clear to employees 
that GenAI services are not a substitute for knowledge work but must be 
seen as a way to express themselves in a more meaningful way without 
getting bogged down in day-to-day operations.

Another interesting result is the different effects that positive and 
negative attitudes toward AI may have on the adoption of these tech-
nologies. On the one hand, managers must factor in the amplifying effect 
that a positive employee attitude toward GenAI can have on the effective 
deployment of these services in the workplace. Consequently, managers 
should try to develop programs to create a positive attitude, explaining, 
since the first phases of deployment, the potential advantages that 
knowledge workers will have from adopting GenAI in their work. 
However, managers should not be too concerned that a negative attitude 
of their employees toward GenAI will lead to failure in its adoption.

Conclusion

This study provides theoretical and empirical insights into the impact 
of GenAI on employee well-being, specifically across emotional, social, 
and cognitive dimensions. Our findings demonstrate that a positive 
attitude toward GenAI significantly enhances its adoption, whereas a 
negative attitude does not necessarily prevent its usage. The extent of 
GenAI adoption directly influences both emotional and social well- 
being, while cognitive well-being is indirectly influenced by the medi-
ating effect of team cohesion. These results highlight the complex re-
lationships among technology adoption, workplace dynamics, and 
employee well-being.

From a theoretical point of view, this study contributes to under-
standing the role of GenAI in the workplace. The results suggest that 
while GenAI can foster social and emotional well-being by improving 
collaboration and reducing task-related stress, its impact on cognitive 
well-being depends on organizational and team-level factors. The role of 
team cohesion as a mediator reinforces the idea that the successful 
integration of AI technologies requires supportive social environments.

For practitioners, our findings indicate that managers should not 
only focus on providing access to GenAI tools but also invest in fostering 

Table 3 
Measurement model test, reliabilities, and convergent validity.

Construct Item Outer Loading alpha rhoC rhoA AVE R2

GAI GAI1 0.949 0.818 0.914 0.911 0.841 0.145
​ GAI2 0.884 ​ ​ ​ ​ ​
TC TC1 0.749 0.874 0.909 0.887 0.669 0.033
​ TC2 0.718 ​ ​ ​ ​ ​
​ TC3 0.902 ​ ​ ​ ​ ​
​ TC4 0.869 ​ ​ ​ ​ ​
​ TC5 0.837 ​ ​ ​ ​ ​
POS_ATT POS_ATT1 0.821 0.729 0.846 0.756 0.648 –

​ POS_ATT2 0.719 ​ ​ ​ ​ ​
​ POS_ATT4 0.869 ​ ​ ​ ​ ​
NEG_ATT NEG_ATT2 0.734 0.752 0.763 0.754 0.522 –

​ NEG_ATT3 0.771 ​ ​ ​ ​ ​
​ NEG_ATT4 0.834 ​ ​ ​ ​ ​
SW SW1 0.747 0.793 0.866 0.798 0.618 0.326
​ SW2 0.813 ​ ​ ​ ​ ​
​ SW3 0.833 ​ ​ ​ ​ ​
​ SW5 0.748 ​ ​ ​ ​ ​
EW EW1 0.768 0.899 0.925 0.902 0.712 0.194
​ EW2 0.792 ​ ​ ​ ​ ​
​ EW4 0.829 ​ ​ ​ ​ ​
​ EW5 0.873 ​ ​ ​ ​ ​
​ EW6 0.816 ​ ​ ​ ​ ​
CW CW1 0.841 0.874 0.909 0.879 0.666 0.184
​ CW2 0.799 ​ ​ ​ ​ ​
​ CW4 0.829 ​ ​ ​ ​ ​
​ CW5 0.858 ​ ​ ​ ​ ​
​ CW6 0.890 ​ ​ ​ ​ ​

Notes: GAI - Generative AI Use; TC - Team Cohesion; POS_ATT- Positive Attitude toward Gen AI; NEG_ATT - Negative Attitude toward Gen AI; SW - Social well-being; 
EW - Emotional well-being; CW - Cognitive well-being.

Table 4 
Measurement model tests of discriminant validity.

GAI TC POS_ATT NEG_ATT SW EW CW
GAI 0.917 0.207 0.358 0.057 0.343 0.27 0.243
TC 0.238 0.818 0.47 0.244 0.518 0.383 0.41
POS_ATT 0.447 0.581 0.805 0.284 0.327 0.213 0.39
NEG_ATT 0.138 0.394 0.418 0.725 0.114 0.168 0.112
SW 0.408 0.614 0.422 0.138 0.786 0.611 0.571
EW 0.309 0.43 0.259 0.206 0.73 0.816 0.589
CW 0.274 0.452 0.484 0.215 0.675 0.668 0.844

Notes:.
Fornell–Larcker Criterion – Upper Triangle: Diagonal in Bold: Square Root of AVE; Upper Triangle in Italic: Constructs Correlation. HTMT: Lower Triangle.
GAI - Generative AI Use; TC - Team Cohesion; POS_ATT- Positive Attitude toward Gen AI; NEG_ATT - Negative Attitude toward Gen AI; SW - Social well-being; EW - 
Emotional well-being; CW - Cognitive well-being.
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a collaborative work culture. Team cohesion plays a critical role in 
shaping how employees perceive and benefit from GenAI adoption, 
highlighting the need for organizations to create environments in which 
AI is seen as an enabler rather than a threat.

Despite its contributions, this study has several limitations that 
should be acknowledged. The study is based on a sample of knowledge 
workers, primarily from hybrid work settings. While this provides 
relevant insights into AI adoption in modern workplaces, the findings 
may not be generalizable to other types of workers (e.g., manual workers 
and service employees). This study relies on cross-sectional survey data, 
which limits the ability to establish causal relationships. Future longi-
tudinal studies would help track changes in attitudes and well-being 
over time as AI adoption evolves. Employee well-being and AI adop-
tion levels were measured through self-reported surveys, which may be 
subject to biases such as social desirability and response consistency 
effects. Organizational culture, industry norms, and job roles may in-
fluence how AI adoption impacts well-being. A broader range of in-
dustries and geographical contexts should be explored to improve 
external validity. Although team cohesion emerged as a key mediator, 
other potential factors, such as job autonomy, digital literacy, and AI 
training opportunities, were not directly examined but may also influ-
ence the AI–well-being relationship.

To address these limitations and expand on our findings, future 
research should consider the following directions: 

• Longitudinal studies: Future studies should track employees over 
time to examine how AI adoption dynamically affects well-being.

• Experimental or mixed-methods approaches: Combining survey data 
with experimental interventions or qualitative insights (e.g., in-
terviews and case studies) could provide a more nuanced under-
standing of how employees interact with AI tools.

• Exploration of additional moderators: Future research should 
investigate how factors such as job type, organizational culture, 
leadership support, and AI-related training programs moderate the 
relationship between GenAI adoption and well-being.

Furthermore, our study adopt a specific perspective—focusing on the 
effect of GenAI adoption on well-being. Future research could model this 
relationship differently. For example, GenAI adoption could be framed 
as a mediator or a moderator in the relationship between organizational 
factors (e.g., team cohesion, organization culture, and/or job autonomy) 
and the three dimensions of employee well-being.

By addressing these gaps, future research can provide deeper insights 
into the evolving role of AI in workplaces and inform strategies for 
optimizing both technological integration and employee well-being.
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- Emotional well-being; CW - Cognitive well-being.
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