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that creates new content, such as text, music, and images, 
with the user given a text-based prompt [4]. The increasing 
use of generative AI in workplaces and the rapid develop-
ment of more advanced AI significantly affect the nature of 
work [5].

The ethical minimum for using AI should therefore 
include transparency, fairness, non-maleficence, account-
ability, privacy and responsibility [6, 7]. Additionally, trans-
parency should be coupled with accountability, meaning 
that developers and users of AI systems are responsible for 
the operation, decisions and consequences of such systems 
[8].

Fairness in the use and development of AI means that AI 
systems make decisions without discrimination or bias and 
treat all users and groups equitably. This can be achieved 
by ensuring that different groups receive equal treatment 
(group fairness) and that individuals with similar charac-
teristics receive similar treatment (individual fairness). 
Achieving fairness requires AI systems to be transparent, 
accountable and explainable [9].

Transparency is a key part of responsible AI develop-
ment and use, promoting user trust and enabling effective 
oversight and error correction. This means that the opera-
tion and decision-making processes of as well as data used 

1  Introduction

The ethical use of artificial intelligence (AI) involves 
developing and applying AI technologies in a manner that 
respects human rights, fairness, transparency and account-
ability. In practice, this means that developers must identify 
and minimise potential biases and errors that could affect AI 
decisions. Additionally, developers and users must under-
stand how AI makes decisions and the impacts of its deci-
sions, such as on privacy. The development and use of AI 
must also consider the perspectives and needs of various 
stakeholders [1, 2]. User feedback and subsequent iterative 
improvement help ensure the fairness of AI systems [3].

In this article, the term “artificial intelligence” specifi-
cally refers to generative AI. Generative AI is a form of AI 
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by AI systems are clearly understandable and visible to all 
stakeholders [10].

Employee engagement means an emotional commitment 
and dedication to their work and to advancing the compa-
ny’s goals and objectives. It is a key factor in organisational 
success, since it directly affects employee satisfaction, 
productivity and commitment as well as overall business 
performance [11–13]. Engagement helps ensure that AI sys-
tems are designed and implemented fairly and transparently, 
thereby increasing employee trust and acceptance [14].

While engagement signifies that employees are emotion-
ally invested in their work and organisation, participation 
refers to their active involvement in various activities and 
processes. This can occur in teamwork, projects or daily 
tasks [12]. It is emphasised that to ensure the ethicality of 
AI, it is important that all stakeholders, including employ-
ees, participate in its implementation process [14]. Partici-
pation is reflected in how stakeholders share their views and 
develop a common understanding of fair decision-making 
through reflection and discussions [15].

Involvement can be defined as the process by which 
employees participate in decision-making autonomously to 
plan their work in the best possible way, thereby impacting 
organisational productivity and employee well-being [16, 
17]. The concept of involvement also includes teamwork 
within organisations, transparent communication practices 
and an atmosphere that encourages employee participation 
[18–20].

This article focuses on engaging the work community 
in the ethical use and development of AI to ensure fair-
ness and transparency, particularly from the perspective of 
knowledge workers. The research was conducted based on 
a survey of knowledge workers in Finland in the spring of 
2024 (n = 474). Our study shows that open discussion about 
the ethical use of AI and its potential benefits is desired in 
work communities. Issues include considering data secu-
rity at work, developing work processes and identifying 
and addressing ethical problems. Knowledge workers seek 
ethical guidelines on what can be done and how to act in 
different situations. Similarly, the impacts of AI on one’s 
job description and on the future of work are topics of 
discussion.

2  What is ethical use of AI in the workplace?

The rapid adoption of AI in organisational operations raises 
ethical questions that require careful consideration. While 
researchers have discussed AI ethics, they have usually 
referred to the ethical competence of technology develop-
ers and their understanding of how to develop AI ethically 

and impartially [21] or to the ethics of AI users [8], since 
technology is always intertwined with human actions [22].

Ethical AI use means using AI in a way that supports 
employee well-being and meaningful work. The adoption 
of AI in workplaces significantly affects employees’ experi-
ences of meaningful work, which is important for their well-
being and autonomy. AI adoption can both enhance and 
diminish experiences of meaningful work [5]. This supports 
the idea that inclusive practices are important in considering 
the social impact of AI.

Human decisions are often not optimal but subjectively 
biased and irrational [23]. AI’s decision-making capability 
is recognised as one of its most significant features [24–27]. 
One of the primary ethical considerations is transparency 
in AI decision-making processes [28–31]. Organisations 
should ensure that AI systems’ decision-making processes 
are clear and understandable for all stakeholders [32]. This 
also applies to employees using AI in their tasks. Transpar-
ency allows individuals to understand how AI systems make 
decisions that affect them [30].

However, research has suggested that even if the factors 
of algorithmic decision-making are transparent, individuals 
may still perceive the results as unfair [33] or even biased 
[34–36]. Researchers have emphasised the importance of 
fairness and have proposed methods for detecting and reduc-
ing biases in AI systems to help prevent discrimination and 
promote inclusion [37]. Inclusive practices that consider the 
social impact of AI adoption are crucial.

To make AI systems fair, just and inclusive, organisa-
tions should regularly interact with AI users and developers, 
gather feedback from them, assess the impact of the feed-
back and ensure that the AI systems adapt to ethical norms 
[32, 38]. Forming diverse teams in AI development helps 
in identifying and correcting biases, while collecting user 
feedback improves system functionality and fairness [9].

Developing explainable and interpretable AI models 
increases transparency and helps users understand how an 
AI system arrives at certain decisions [39]. It is important to 
consider fairness metrics in employee training processes so 
that AI users and developers can identify discriminatory and 
unfair AI models [40].

Organisations should create proactive and inclusive mea-
sures to ensure that the benefits of AI are distributed equi-
tably and do not widen existing socioeconomic gaps [41]. 
Organisations that prioritise responsible data practices pro-
mote the construction of reliable AI systems that advance 
transparency and privacy and align with ethical principles 
[42].

Researchers have found that weaknesses related to AI 
ethics include a lack of transparency and ethical guidelines 
and practices [6, 36, 43]. As AI systems become increasingly 
complex, a lack of transparency can lead to ambiguity in 
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decision-making, which jeopardises trust among stakehold-
ers. The importance of transparency is not only in building 
trust but also in ensuring accountability and understanding 
of AI-based decisions and actions that affect individuals [44, 
45].

Hypothesis 1  Transparency in decision-making and inclu-
sive practices promotes participation and engagement in 
the use of AI.

2.1  Transparency and fairness in developing and 
using AI at work

When studying organisations, it is important to use a multi-
level approach to understanding the impacts of AI at dif-
ferent levels and their interconnections [5]. The impact 
and utilisation opportunities of AI vary at different levels, 
so a multi-level approach helps in identifying and optimis-
ing the benefits of AI and managing its risks. At the same 
time, multi-levelness enables effective decision-making, 
collaboration and the promotion of innovation at all levels 
of organisations [10]. The impacts of AI should be studied 
at different levels to develop comprehensive strategies for 
utilising AI in organisations [5]. To make AI systems fair, 
just and inclusive, organisations should regularly interact 
with AI users and developers, gather feedback from them, 
assess the impact of the feedback and ensure that AI systems 
adapt to ethical norms [32, 38].

Organisational researchers are interested in how the sense 
of fairness relates to the use of AI, since a sense of injustice 

can negatively affect, among other things, employee pro-
ductivity, the treatment of other employees and it may 
ultimately result in the complete loss of employment [45]. 
Marikyan et al. [46] studied factors that can lead to individ-
uals’ satisfaction with the use of AI-based digital assistants 
and examined the impact of satisfaction on productivity and 
work engagement. Their results showed that expected per-
formance, social presence and trust were positively asso-
ciated with job satisfaction, which in turn correlated with 
productivity and engagement.

At the individual level, knowledge workers’ use of AI and 
opportunities to participate in AI development have been 
examined from the perspectives of professional agency [47, 
48], digital agency [45, 49, 50, 66], developmental agency 
[51] and transformative agency [52, 53].

Agency can appear as an individual or collective charac-
teristic of the work community [50]. It relates to the choices 
made by individuals and their consequences [54]. Profes-
sional agency in working life encompasses power, compe-
tence, professional development and influence over one’s 
work [47, 48, 55].

Digital agency consists of digital competence, trust and 
accountability [45]. It refers to the ability to control and 
adapt to the digital world and to use digital technologies 
ethically and safely [49]. A digital agent has a strong under-
standing of how and where technology can be utilised in 
work tasks but also perceives the ethical challenges of digi-
talisation [56]. The role of digital agency is significant in 
promoting equality, equity, democracy and well-being [50].

An employee with developer agency is proactive and 
raises everyday ideas. Developer agency also involves 
collaboration with other developmental agents [51, 56]. It 
encompasses motivation for the adoption of technologies 
and the design of new applications [56]. Developmental 
agency is shaped by changes in communities, especially in 
conflict situations [51, 57].

As professional agency develops into digital and devel-
oper agency, the need for individual autonomy increases, 
and one’s ability to understand the impacts, benefits and 
risks of technology expands. Ideas and development pro-
posals must be put into practice, which requires transfor-
mative agency. A transformative agent takes care of shared 
negotiations within a team and initiates changes in opera-
tions [52, 53]. Agency types, their definitions, examples in 
AI context, and their relation to other agency types are show 
in the Table 1.

When individuals have achieved developmental and 
transformative agency, team-level development, shared 
experiences and building a common understanding are 
important for the ethical development and use of AI. The 
adoption of AI can lead to the emergence of new job roles 
that combine technology and business needs. These roles 

Table 1  The agency types and their example in AI context
Type of 
agency

Definition Example in AI 
context

Relation to other 
types

Profes-
sional 
agency 
[47, 48]

The capacity of 
individuals to act 
purposefully and 
reflectively in 
their work roles

Making informed 
decisions about 
integrating 
AI into one's 
workflow

Forms the foun-
dation for other 
agency types; 
evolves through 
digital and devel-
oper agency

Digital 
agency 
[45, 49, 
50]

The ability 
to critically 
and creatively 
engage with dig-
ital technologies

Using AI tools 
to enhance pro-
ductivity or solve 
problems

Builds on profes-
sional agency; 
enables deeper 
interaction with 
technological 
systems

Devel-
oper 
agency 
[51]

The capacity to 
co-create, adapt, 
or influence the 
development of 
digital tools

Participating in 
the design or 
customization of 
AI applications 
for workplace 
needs

Extends digital 
agency; involves 
active shaping 
of technological 
environments

Transfor-
mational 
agency 
[52, 53]

The ability to 
initiate change in 
practices, struc-
tures, or norms

Leading organiza-
tional shifts in AI 
adoption or ethi-
cal AI governance

Emerges from 
the interplay of 
all other agency 
types; reflects 
systemic impact
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direct effect refers to the immediate impact of Sense of Fair-
ness on Digital and Developmental Agency. In contrast, the 
indirect effect is mediated by Participation and Engagement, 
suggesting that Sense of Fairness enhances individuals' par-
ticipation and engagement, which in turn fosters their digital 
and developmental agency.

3  Methods

3.1  Data and variables

The research data were collected from a Webropol online 
survey from February 14 to April 22, 2024. The survey 
link was distributed to members of several professional 
unions employing knowledge workers in Finland as well 
as to employers known to employ knowledge workers. 
Additionally, the survey was sent to 28,724 representa-
tives of private and public organisations obtained from the 
Selector company database, representing a wide range of 
companies of different sizes and industries. A total of 484 
people responded to the survey, of whom 10 were excluded 
because they were retired, full-time students, on parental or 
care leave or unemployed. The remaining 474 respondents 
were included in the analysis because they were currently 
actively employed.

The survey contained 43 questions, including both quan-
titative and qualitative open-ended questions based on the 
literature review and agency theories. In the preliminary trial 
phase of the study, 21 Likert scale variables were selected 
for consideration in this article, of which 17 were included 
in the final model. The variables utilised in this study were 
measured using five-point (12 variables) and seven-point 
Likert scales (5 variables).

The dataset was described using seven demographic vari-
ables. The respondents included representatives from both 
companies and public administration. The industries rep-
resented included insurance and finance, information and 
communication, hotels and restaurants, education, industry, 
administrative and support services, national defence, real 
estate, technical, construction, wholesale and retail trade, 
health and social services, arts, entertainment and recreation 
and other services. Slightly more than half of the respon-
dents (51.5%) worked in large organisations with over 
249 employees, and less than a quarter (23.4%) worked in 
medium-sized organisations with 50–249 employees. Small 
organisations with 10–49 employees employed 11.8% of 
the respondents, and 13.3% of the respondents worked in 
organisations with fewer than 10 employees. The majority 
of respondents (92.0%) worked full time and 81.6% had 
completed a higher education degree. Of the respondents, 
41.8% were aged over 51 years, 35.4% were in the 41–50 

enable teams to better utilise AI and develop new innova-
tions [58].

AI developers and users should understand how to miti-
gate the ethical challenges related to AI [59, 60, 63], such 
as by creating ethical guidelines and codes of conduct [43]. 
However, ethical guidelines have been criticised, with [61] 
finding that codes of conduct developed by companies had 
little impact on the decision-making of technology develop-
ers or remained too abstract [62]. Researchers have empha-
sised that AI ethical guidelines are largely useless and that 
we should instead talk about AI fairness [8].

If AI applications are developed to be explainable and 
interpretable, they increase transparency and help users 
understand how AI systems arrive at certain decisions 
[65]. Training processes should also consider fairness met-
rics so that users can identify discriminatory and unfair AI 
applications.

Organisations should create proactive and inclusive 
measures to ensure that the benefits of AI are distributed 
equitably and do not widen existing socioeconomic gaps. 
Organisations that prioritise responsible data practices pro-
mote the construction of reliable AI systems that increase 
transparency, ensure privacy protection and align with ethi-
cal principles.

The impact of algorithms on organisations is not solely 
technological but also involves significant social and 
organisational factors. The use of algorithms is shaped by 
organisational norms, values and individual interpretive 
frameworks, which together determine how algorithms 
reorganise organisational processes and practices. This also 
highlights the need to understand the use of algorithms in a 
broader social and organisational context for ethical AI use 
[9].

Hypothesis 2  The sense of fairness plays a significant role 
in knowledge workers’ participation in the development and 
use of AI and in developing their agency.

Hypothesis 3  The use of AI is significant in the development 
of knowledge workers’ professional agency into digital and 
developmental agency.

The conceptual model (Fig.  1 below) illustrates both 
direct and indirect pathways through which Sense of Fair-
ness influences Digital and Developmental Agency. The 

Fig. 1  Model illustrating the hypotheses and relationships between the 
factors
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Likert scale variables to standardise the measurement scales 
for the analyses and the composite variables.

The next step involved conducting confirmatory factor 
analyses (CFAs). The maximum likelihood (ML) estimation 
method was used in the CFA, as the sample size (N = 474) 
exceeds the commonly recommended minimum of 200 
cases for ML estimation. CFA is utilised to evaluate the 
measurement model within equation modelling by testing 
the validity of hypothesised relationships between observed 
variables and latent constructs. It verifies whether the 
observed variables accurately represent the latent constructs 
they are intended to measure. CFA was used to examine the 
four latent factors: sense of fairness (SF), involvement and 
transparency (IT), participation and engagement (PE) and 
development of digital and developer agency (DDA). In the 
first round of analysis, 21 observed variables were selected 
for the latent factors, but the model fit indices were not 
valid. Due to low factor loadings, four observed variables 
were deleted from the model, leaving 17 variables. In addi-
tion, error covariances were added within the latent factors 
on high modification indices (MI > 10), suggesting shared 
measurement variance not captured by the latent construct. 
Figure 2 describes the revised measurement model as the 
result of CFA.

The goodness-of-fit values suggest an acceptable fit of 
the model. Chi-square divided by degrees of freedom (χ2/
df) was 2.464, indicating an acceptable fit relative to the 
degree of freedom. The comparative fit index (CFI) and 
normed fit index (NFI) values were 0.950 and 0.919, indi-
cating an acceptable fit. The Tucker–Lewis index (TLI) was 
acceptable, with a value of 0.936. The root mean square 
error of approximation (RMSEA) value was 0.056, and the 
standardised root mean square residual (SRMR) value was 
0.0562. Since these values were within good or acceptable 
limits the four-factor structure was validated. The good-
ness-of-fit index (GFI) value of 0.942 and the adjusted GFI 
(AGFI) value of 0.918 indicate an acceptable fit between 
the model and the observed data. Table 3 presents the fit 
indices for the original model and the modified model after 
the removal of four variables and added error covariances, 
along with the corresponding threshold values [63, 67, 68, 
69].

All factor loadings were above 0.5, and the Cronbach’s 
alphas were at a good level (> 0.8) in three factors and at 
an acceptable level (0.749) in one factor [69]. Based on the 
“Cronbach’s Alpha if Item Deleted” values, removing any 
of the selected items would not improve the internal con-
sistency of the factors. Despite some standardized residual 
covariances exceeding ± 2, the indicators were retained in 
the model due to their conceptual importance. For instance, 
the elevated residuals for PE2 and TI2 were not considered 
problematic from a theoretical standpoint. PE2 reflects the 

age group, 18.4% were in the 31–40 age group, and only 
4.4% were aged under 30  years. Women made up 64.4% 
of the respondents and men made up 31.6%. The majority 
of respondents had a career length of 20–29 years (37.3%). 
In terms of workplace position, the largest group consisted 
of professionals, comprising 41.6% of the respondents 
(Table 2).

3.2  Measurement model

The data obtained were analysed using SPSS 29.0 and 
AMOS 29.0 statistical data analysis software. The selected 
Likert scale variables were first pretreated; four negatively 
phrased variables were transposed to positive, and the seven-
point Likert scale variables were converted to five-point 

Table 2  Demographics of the respondents
Variable Frequency Percentage
Gender
Male 150 31.6%
Female 306 64.6%
Other or prefer not to say 18 3.8%
Age
≤ 30 21 4.4%
31–40 87 18.4%
41–50 168 35.4%
51–64 193 40.7%
≥ 65 5 1.1%
Education
No vocational education 1 0.2%
Vocational education 86 18.1%
Higher university-level education 387 81.6%
Employment
Full-time 436 92.0%
Part-time 15 3.2%
Entrepreneur/self-employed 23 4.9%
Number of employees
< 10 (micro) 63 13.3%
10–49 (small) 56 11.8%
50–249 (medium-sized) 111 23.4%
> 249 (large) 244 51.5%
Length of career in years
< 5 15 3.2%
5–9 34 7.2%
10–19 111 23.4%
20–29 177 37.3%
30–39 106 22.4%
> 39 31 6.5%
Position in the workplace
Manager (supervisor) 145 30.6%
Specialist 75 15.8%
Professional 197 41.6%
Clerical support worker 42 8.9%
Service or sales worker 7 1.5%
Other category of worker 8 1.7%

1 3

Page 5 of 12  12



AI and Ethics (2026) 6:12

fit, no modifications were made. The factors, factor loadings 
and Cronbach’s alphas are described in Table 4.

3.3  Hypothesis testing using path analysis

Path analysis examines the structural relationships between 
composite variables. The results include standardised regres-
sion coefficients, standard errors, t-values and p-values for 

individual's perceived expertise to contribute to AI devel-
opment, while TI2 captures the adequacy of instructions 
provided for utilizing AI in daily tasks. These items repre-
sent essential dimensions of organizational AI readiness—
namely, competence and support—and offer perspectives 
not fully captured by other indicators in the model. Given 
their theoretical relevance and the overall satisfactory model 

Fig. 2  Confirmatory factor analysis diagram
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4  Discussion

The results indicate that the measurement model used was 
generally reliable, as most factor values were above 0.5 and 
the Cronbach’s alpha values were at a good level (> 0.8) for 
three factors (sense of fairness, transparency and involve-
ment, development of digital and developer agency) and 
at an acceptable level (0.749) for one factor (participation 
and engagement). This suggests that the observed variables 
can measure latent factors, such as sense of fairness, partici-
pation and transparency, engagement and development of 
digital and developer agency. In particular, the sense of fair-
ness and development of digital and developer agency fac-
tors showed high reliability, highlighting their importance 
in the study.

We further examined the results according to three 
hypotheses. For Hypothesis 1 (transparency in decision-
making and inclusive practices promote participation and 
engagement in the use of AI), the factor values for transpar-
ency and involvement ranged from 0.557 to 0.785 and the 
Cronbach’s alpha was 0.830 (see Table 4). The path analy-
sis (Table 3) indicated that transparency and involvement is 
a significant factor influencing employee engagement and 
commitment to AI use. This is supported by the theoretical 
framework, as transparency in decision-making can ensure 
employee involvement [16–19].

For Hypothesis 2 (the sense of fairness plays a signifi-
cant role in knowledge workers’ participation in the use and 
development of AI and developing their agency), the fac-
tor values for sense of fairness were high (0.832 and 0.873) 
and the Cronbach’s alpha was 0.841 (see Table 4). The path 
analysis (Table 5) indicated that sense of fairness is strongly 
associated with employees’ engagement in AI use and devel-
opment. Marikyan [46] and Dietz [64] also emphasised that 
a sense of fairness impacts a person’s proactivity and work 
engagement.

For Hypothesis 3 (the use of AI is significant in the 
development of knowledge workers’ professional agency 
into digital and developmental agency), the factor values 
for development of digital and developer agency ranged 
from 0.678 to 0.771 and the Cronbach’s alpha was 0.829. 
The path analysis (Table 5) indicated that AI use is a signifi-
cant factor in employees’ professional agency development. 
The high factor values and good reliability supported the 
hypothesis that AI use promotes employees’ professional 
agency development towards digital and developer agency. 
Previous agency research has focused more on the general 
impact of technology on agency development [45, 51, 56], 
although there remains little research specifically on AI-
related agency.

Although there were some lower factor values in the trans-
parency and involvement and participation and engagement 

each path in the model, indicating whether each path is sta-
tistically significant.

For the path analysis, composite variables were created 
for sense of fairness, involvement and transparency, par-
ticipation and engagement and development of digital and 
developer agency by calculating the mean of the observed 
indicators for each latent variable. The path analysis exam-
ined the relationships between these composite variables 
(Fig. 3). The p-value of the chi-square (χ2) test was 0.231 
(> 0.05), with the nonsignificant value indicating that the 
model fitted the data. The values for CFI (0.999), NFI 
(0.997), TLI (0.994) and GFI (0.998), were all above 0.95. 
Additionally, the RMSEA (0.030) and SRMR (0.0127) were 
both below 0.08. These model fit indices indicated a good 
fit.

The path analysis indicated that the impact of involve-
ment and transparency on participation and engagement was 
positive and significant (p = 0.004), supporting Hypothesis 
1. Similarly, the impact of sense of fairness on participation 
and engagement was positive and significant (p < 0.001), 
supporting Hypothesis 2 Furthermore, the impact of par-
ticipation and engagement on how employees develop as 
digital and developer agents was positive and significant 
(p < 0.001), supporting Hypothesis 3 Sense of fairness also 
had a direct impact on how employees develop as digital 
and developer agents (Table 5).

The standardised total effect of sense of fairness to the 
development of digital and developer agency was 0.365 
(0.377·0.337 + 0.238). Squared multiple correlations 
(Table 6) indicated that the model explained 21.8% of the 
variance in the level of participation and engagement and 
24.3% in the level of development of digital and devel-
oper agency. The results suggest that sense of fairness 
and involvement and transparency play a moderate role in 
enhancing participation and engagement, in turn contribut-
ing to development of digital and developer agency.

Table 3  Model fit indices
Model fit 
index

Original 
model (21 
variables)

Revised model
(17 variables)

Threshold values

χ2/df 3.148 2.464 < 3 acceptable, < 2 good
CFI 0.897 0.950 > 0.90 acceptable, 

> 0.95 good
TLI 0.876 0.936 > 0.90 acceptable, 

> 0.95 good
RMSEA 0.067 0.056 < 0.08 acceptable, 

< 0.05 good
SRMR 0.0744 0.0562 < 0.08 good
NFI 0.857 0.919 > 0.90 good
GFI 
(AGFI)

0.905 
(0.874)

0.942 (0.918) > 0.90 good
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factors, the overall reliability was still at an acceptable level. 
On the other hand, the lower level of the participation and 
engagement factor may be explained by the fact that dur-
ing the data collection phase (spring 2024), AI adoption was 
still in the experimental phase in many organisations.

In summary, the path analysis results (Table 5) supported 
all the presented hypotheses. Participation and transpar-
ency were shown to significantly promote engagement and 
commitment to AI use (p = 0.004), confirming Hypothesis 
1. Sense of fairness was shown to significantly affect both 
engagement and commitment (p < 0.001) and the devel-
opment of digital and developer agency (p < 0.001), con-
firming Hypothesis 2 Engagement and commitment were 
shown to significantly promote the development of digital 
and developer agency (p < 0.001), confirming Hypothesis 3 
The results of this study highlight the importance of trans-
parency, fairness and participation in developing employee 
agency in the context of AI use.

According to Table 6, the model explained 21.8% of the 
variation in engagement and commitment and 24.3% of 
the variation in digital and developer agency. In relation to 
the previously presented research results, this means that 
while the model explained a significant part of the variation 
in these factors, there are still other factors that influence 
engagement, commitment and professional agency. Trans-
parency, fairness and participation are important, but other 
factors should also be studied more closely in the future. 
Based on the factor analysis, a low but moderate Cronbach’s 
alpha (0.749) was obtained for the factors of participation 
and engagement, but this can be explained by the fact that 
in the spring of 2024, the survey participants still had only 
limited experience with the use of AI.

It is acknowledged that elevated residual covariances 
may affect local validity; however, the global fit indices 
and conceptual coherence of the model support its use for 
the study’s objectives. The theoretically grounded choices 
strengthen the relevance of the model.

The results of the study may have been distorted some-
what by the fact that the respondents were almost all knowl-
edge workers. The respondents were also likely individuals 
who were interested in AI. The results of the study may be 
somewhat distorted by the fact that the respondents were 
almost all knowledge workers. The respondents were also 
likely those individuals who are interested in AI. Notably, 
the majority of respondents in this study were women, 
which contrasts with previous findings suggesting that men 
are generally more inclined to adopt and use AI technolo-
gies. However, the present results indicate that female par-
ticipants demonstrated a high level of interest not only in 
utilizing AI applications but also in actively contributing to 
their development within their respective workplaces. This 
suggests a potential shift in gendered engagement with AI, 

Table 4  Factors, factor loadings, and Cronbach’s alphas
Factor Variable (scale from 1 to 5) Factor 

loadings
Cron-
bach’s 
alpha

Sense of 
fairness

SF1: My ability to utilise AI in 
my work is recognised as part 
of my professional development

0.832 0.841

SF2: My contribution to 
AI projects or the develop-
ment of AI is appreciated and 
acknowledged

0.873

Transpar-
ency and 
involvement

TI1: I feel that I receive enough 
information and/or resources 
from my employer to be proac-
tive and to take the initiative in 
using AI in my work

0.785 0.830

TI2: I feel that I have enough 
instructions for utilising AI in 
my work tasks

0.557

IT3: Our work community has 
clear plans for utilising artificial 
intelligence

0.640

IT4: My work community 
(foreman, management, com-
munications) keeps staff up 
to date on the AI applications 
under development

0.737

IT5: We develop AI 
collaboratively

0.613

IT6: In my work community, all 
employees are equally involved 
in the development of artificial 
intelligence

0.562

Participa-
tion and 
engagement

PE1: I recognise opportunities 
to utilise AI in the work and 
processes shared by the work 
community

0.602 0.749

PE2: I have enough expertise to 
be involved in the development 
of artificial intelligence

0.648

PE3: I have ideas on how to 
develop the work using artificial 
intelligence

0.753

PE4: I would like to participate 
in the development of artificial 
intelligence to learn new things 
and skills

0.657

PE5: I am interested in develop-
ing my work with AI

0.517

Development 
of digital and 
developer 
agency

DDA1: How do you feel that 
the use of AI has affected your 
self-efficacy in your work?

0.721 0.829

DDA2: The use of AI has 
changed my ability to cope with 
challenging tasks in my work

0.678

DDA3: The use of AI has 
changed my opportunities to 
tailor my work to my own 
vision

0.771

DDA4: The use of AI has 
changed the proactive and 
initiative-taking approach in 
my work

0.710
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that has received limited systematic attention in existing lit-
erature [46].

Transparency is identified as a key enabler of both fair-
ness, participation and engagement, serving as a founda-
tional element in fostering employee engagement. These 
factors not only enhance organizational commitment but 
also support the evolution of professional identity in increas-
ingly digital work environments.

From a practical standpoint, organizations must critically 
reflect on how AI adoption and development are governed. 
Ethical and transparent leadership, coupled with participa-
tory decision-making processes, can significantly strengthen 
employees’ trust and proactive engagement with AI systems. 
This calls for a shift from top-down implementation mod-
els toward participatory frameworks that align technologi-
cal innovation with human-centered values. The complexity 
of knowledge work and constant change require leadership 
that supports co-creation, a culture of experimentation, and 
pluralistic dialogue within companies and networks.

The open-ended responses complemented the quan-
titative findings by highlighting that transparency and 
employee involvement contribute to the enhancement of 
digital and developmental agency. Furthermore, the qualita-
tive data revealed that female respondents and those aged 
between 41 and 50 were particularly eager to engage in the 
adoption and development of artificial intelligence. These 
participants referred to themselves as 'AI research explorers' 
and 'pathfinders' in their open responses, indicating a proac-
tive and pioneering attitude toward AI integration.

5  Conclusion

The study provides compelling evidence that AI is pro-
foundly transforming working life and simultaneously 
influencing the development of agency at the individual, 
team and organisational levels. It holds significant poten-
tial to strengthen employees’ professional agency—particu-
larly towards digital and developmental agency—which 

highlighting the importance of inclusive design and partici-
patory development strategies.

The findings underscore the pivotal role of perceived 
fairness and participatory decision-making in shaping 
employees’ acceptance of artificial intelligence in the work-
place. Specifically, the opportunity for employees to engage 
in decisions regarding the use and development of AI tech-
nologies emerges as a critical determinant of trust and com-
mitment. This reinforces the notion that AI implementation 
is not solely a technical endeavor but inherently involves 
ethical and inclusive leadership practices [44].

While prior research has predominantly emphasized the 
economic and efficiency-related benefits of AI [6], this study 
contributes a novel perspective by examining its implica-
tions for professional agency. The results suggest that AI 
can function as a catalyst for the development of digital and 
developer agency among knowledge workers—a dimension 

Table 5  Path analysis results
Hypothesis Stan-

dardised 
estimate

t-value p-value Deci-
sion

H1: Involvement and 
transparency > participa-
tion and engagement

0.139 2.895 0.004 H1 is 
sup-
ported

H2: Sense of fair-
ness > participation and 
engagement

0.377 7.834 < 0.001 H2 is 
sup-
ported

H2: Sense of fair-
ness > development of 
digital and developer 
agency

0.238 5.299 < 0.001 H2 is 
sup-
ported

H3: Participation and 
engagement > develop-
ment into digital and 
developer agency

0.337 7.524 < 0.001 H3 is 
sup-
ported

Table 6  Squared multiple correlations
Estimate

PEmean 0.218
DDAmean 0.243

Fig. 3  Path analysis diagram
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highlights the need for further research into AI’s role in this 
evolution.

This study clearly demonstrated that transparency and a 
sense of fairness are central to the use of AI, especially from 
the perspectives of participation and work engagement. For 
employees to commit to their work and feel that they are 
working in a fair environment, they must have a clear under-
standing of what their organisation expects from them and 
the vision of management towards the use of AI.

Therefore, it is crucial for organisational leadership to 
promptly define clear guidelines, boundaries and a vision 
for the use and development of AI and other emerging tech-
nologies. These must be communicated openly, transparent 
and comprehensibly to the entire workforce.

Future research should explore the role of leadership in 
the adoption and integration of artificial intelligence within 
organizational contexts. Additionally, further studies are 
warranted to investigate the factors underlying gender-
based differences in attitudes toward AI, as well as the dis-
tinctions observed across various age groups.
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