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Abstract:

The application and utilization of Artificial Intelligence (AI) have increased recently in
all organizations, including those in the public sector. From an organizational
perspective, Al utilization should generate both economic and social gains. In this
context, it is necessary to address the automation-augmentation paradox. Namely, this
paradox stems from the question of whether Al replaces humans in performing tasks
(i.e., automation) or whether the application of Al necessitates an increase in Al-
human interactions (i.e., augmentation). The starting point of the research is the
POSDCORB framework, which delineates the core functions of a manager and offers a
classical perspective on their administrative responsibilities. Al shall increasingly
transform the POSDCORB framework by streamlining management functions and
enhancing decision-making accuracy. The main research question is what can be
automated using Al for management functions, and what requires augmentation
between AI and humans for these functions? To assess AI's impact on POSDCORB
managerial functions in public sector organizations, the study uses both qualitative and
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quantitative data sources, enhancing validity through data triangulation. The research
findings indicate that AI's impact varies across management functions, with public
managers particularly preferring augmentation for strategic planning tasks,
coordination, reporting, and potential dynamic financial adjustments. Finally, public
managers’ report ongoing tension due to a tendency to switch between automation and
augmentation as tasks evolve.

Keywords:
artificial intelligence, automation-augmentation paradox, management functions,

principal-agent theory, technology acceptance frameworks

1. Introduction

The application and utilisation of AI have increased recently in all organisations,
including the public sector. From the organisational perspective, Al utilisation should
generate both economic and social gains. In this context, it is necessary to address the
automation-augmentation paradox (Raisch & Krakowski, 2021). Namely, this paradox
stems from the question of whether AI replaces humans in performing tasks (i.e.,
automation) or whether the application of AI necessitates an increase in Al-human
interactions (i.e., augmentation). Early research posited Al as a solution for the crisis in
strategic planning, suggesting that machines could assist decision-making at all
organizational levels (Orsini, 1986). This approach promised increased managerial
efficiency by delegating routine tasks to Al (Geisler, 1986). More recently, Al’s role in
management has expanded, advocating for a partnership where AI handles
administrative tasks, allowing managers to apply human judgment and decision-
making skills (Kolbjernsrud et al, 2016). This collaboration emphasizes the
augmentation of human abilities rather than outright automation. The COVID-19
pandemic has accelerated this integration, with AI being crucial for foresight and
organizational agility (Shafiabady et al., 2023).

The question of AT’s relevance in public management is less explored. Although
there has been a considerable growth in the volume of literature concerned with the
utilization and application of Al in the public sector (Madan & Ashok, 2023; Sousa et
al., 2019), the scoping literature review revealed there is a lack of empirical studies on
AT’s practical applications in the public sector, particularly in supporting and enhancing
the distinct managerial functions in the public sector (Pevcin & Debelak, 2025). The
scoping research explored the discourse on AI’s role and relevance within public sector
management, revealing four critical themes in the literature: adoption and
implementation challenges, governance and ethical considerations, policy and strategic
development, and impact assessment and application challenges. Hence, there is an
evident lack of studies analysing the role of artificial intelligence in managerial functions
within the public sector, and this study aims to address this gap.
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The starting point of the research is the POSDCORB framework (Gulick & Urwick,
1937), which delineates the core functions of a manager and offers a classical perspective
on the administrative responsibilities of managers. Thus, the POSDCORB framework
in management theory delineates the core functions of the (top) manager. The
POSDCORB acronym stands for Planning, Organizing, Staffing, Directing,
Coordinating, Reporting, and Budgeting, encapsulating the essential tasks that
managers undertake to achieve organizational goals. Al shall increasingly transform the
POSDCORB framework by streamlining management functions and enhancing
decision-making accuracy (Chaturvedi et al., 2025). To understand the mechanisms
through which the automation-augmentation paradox manifests in managerial
functions, principal-agent theory provides a compelling explanatory lens, as this theory
conceptualizes the relationship between principals (e.g., elected officials or citizens) and
agents (e.g., public managers) in terms of goal alignment, information asymmetry, and
monitoring costs. This theory emphasizes the complex relationships among principals
and agents, especially in the public sector (Gyorgy, 2012), which are further exacerbated
by informational asymmetry (Lane, 2013).

The main research question is what can be automated using Al for management
functions, and what necessitates augmentation between AI and humans for these
functions. To induce subrogation within the main research question, the study would
like to portray evidence on factors that foster utilization of Al among public managers;
on the relevance of Al for performing specific top management functions; and the role
and importance of AI in either increasing or decreasing principal-agent problems,
where we specifically focus on the context of the public sector. The motivation for the
research derives from the identified consensus that management literature needs to
better address the practical use of Al in organizations (Raisch & Krakowski, 2021), as
well as from the identified specifics regarding the public sector, where the introduction
of Al has yet to be matched by research into its managerial implications (Sousa et al.,
2019). In fact, by adopting a more general perspective, it has been acknowledged that
there is a lack of literature and studies on the effects of digital transformation on public
management (Urs et al., 2024). This study aims to provide additional insights into this
domain.

To assess Al's impact on POSDCORB managerial functions in public sector
organizations and the magnitude of principal-agent issues, the study uses both
qualitative and quantitative data sources, enhancing validity through data triangulation.
In this context, relevant technology acceptance frameworks (TOE and UTAUT) are
used, supplemented with the Analytic Hierarchy Process (AHP) method and semi-
structured phased interviews.
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2. Theoretical framework and literature review

The automation-augmentation paradox suggests that both perspectives on Al in
management are inherently limited, shaped by context and task demands rather than
being universally beneficial or detrimental. Derrida's (1998) deconstruction theory
highlights the tendency to construct binary oppositions, such as automation and
augmentation, in ways that privilege one side while marginalizing the other. This
dichotomy often oversimplifies the dynamic complexities of AI’s role in managerial
tasks (Derrida, 1998).

Applying AI to managerial tasks typically begins with a choice between
automation and augmentation. For structured, routine tasks—such as processing
invoices—organizations often opt for automation by encoding specific rules and
relationships into algorithms, which enables managers to delegate such tasks to
machines (Gillespie, 2014; Russell et al., 2010). However, most managerial tasks are
more complex, involving ambiguous conditions and requiring nuanced judgment.
Here, augmentation becomes necessary, allowing managers to work interactively with
Al, using their expertise to complement the system’s capabilities (Brynjolfsson &
Mitchell, 2017; Holzinger, 2016). Unlike rule-based automation, augmentation relies
heavily on the tacit knowledge of domain experts, who must remain “in the loop” to
refine problem-solving processes collaboratively with AI (Holzinger, 2016).

This iterative, co-evolutionary process involves managers and machines learning
from each other to build and adjust rules and models over time. In supervised learning,
managers provide labeled training data that guides the Al in developing predictive rules,
while unsupervised learning allows the machine to identify patterns independently
(Jordan & Mitchell, 2015). Managers then leverage their domain expertise to interpret
outputs, correct biases, and mitigate overfitting risks that could compromise decision-
making (Russell et al., 2010). Over time, augmentation can facilitate a transition to
automation. Once robust models are developed through collaborative learning, they can
be automated to handle routine tasks, freeing managers to focus on higher-level
responsibilities (Langley & Simon, 1995). Thus, the relationship between automation
and augmentation is cyclical and interdependent: organizations may initially choose
one approach based on task complexity. However, they may later shift, creating a
continuous interplay that reflects the paradox’s inherent tension (Smith & Lewis, 2011).

Moreover, the POSDCORB framework in management theory, which delineates
the core functions of a manager, was conceptualized by Gulick and Urwick in 1937. The
acronym stands for Planning, Organizing, Staffing, Directing, Coordinating, Reporting,
and Budgeting, encapsulating the essential tasks that managers undertake to achieve
organizational goals. According to Gulick and Urwick (1937), planning involves setting
objectives and deciding on the steps necessary to achieve them. Organizing entails
establishing a formal structure of authority and responsibility. Staffing covers the
recruitment, selection, and training of employees, while directing ensures that tasks are
completed through leadership and communication. Coordinating ensures the
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harmonious functioning of various activities, and reporting involves keeping
stakeholders informed about the organization’s progress. Finally, budgeting involves
the allocation of financial resources. POSDCORB has been foundational in
management studies, offering a classical perspective on the administrative
responsibilities of managers.

Furthermore, Al is increasingly transforming the POSDCORB framework by
streamlining management functions and enhancing decision-making accuracy:

- Inthe planning phase, Al can utilize big data analytics and machine learning to
forecast trends and optimize strategic decisions, enabling managers to predict
market dynamics and respond proactively (Agrawal et al., 2018).

- AT’s impact on organizing is evident in the deployment of automated systems
for resource allocation and workflow management, ensuring tasks are
performed efficiently and in line with organizational goals (Haefner et al,,
2021).

- In terms of staffing, Al is transforming recruitment and talent management
through advanced algorithms that improve candidate screening and reduce
bias, thus facilitating more objective hiring processes (Tambe et al., 2019).

- For directing, AI-powered tools enhance communication and provide real-time
decision support, allowing managers to lead teams with increased precision and
less administrative burden (Jarrahi, 2018).

- In coordinating, Al can integrate various organizational systems, fostering
better synchronization and communication between departments, which is
crucial for operational agility (Brock & Von Wangenheim, 2019).

- Al also reshapes reporting by automating data collection and analysis, allowing
for real-time tracking of key performance indicators (KPIs), which supports
more informed managerial decisions (Davenport & Ronanki, 2018).

- Finally, in budgeting, AI aids in financial forecasting, optimizes expenditure
planning, and enhances fraud detection, ensuring more accurate and efficient
resource allocation (Batarseh & Yang, 2020). These advances demonstrate that
AT is not only improving the efficiency of POSDCORB functions but also
reshaping management practices for greater adaptability in the digital age.

To understand the mechanisms through which the automation-augmentation
paradox manifests in managerial functions, Principal-Agent Theory provides a
compelling explanatory lens. Initially developed in the context of contract economics
and institutional analysis (Jensen & Meckling, 1976), this theory conceptualizes the
relationship between principals (e.g., elected officials or citizens) and agents (e.g., public
managers) in terms of goal alignment, information asymmetry, and monitoring costs.
AT can function both as a monitoring tool and a strategic resource in this principal-
agent relationship. On the one hand, AI systems reduce information asymmetry by
increasing transparency and enabling real-time monitoring of managerial performance
(Cordella & Willcocks, 2012). On the other hand, over-reliance on automation may
constrain managerial discretion, undermining the adaptive capacity and nuanced
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judgment required in public administration (Bannister & Connolly, 2014). The choice
between automation and augmentation can thus be interpreted as a response to shifting
dynamics within the principal-agent framework. Automation may be favored when
goal clarity and measurability are high, and when principals demand control and
standardization. In contrast, augmentation is more likely when managerial discretion is
necessary to interpret soft data, reconcile competing stakeholder interests, or innovate
under conditions of uncertainty (Koivula et al, 2024). Hence, the automation-
augmentation paradox is not merely a technological issue but also an institutional one,
reflecting deeper tensions in how authority, accountability, and expertise are distributed
within public organizations.

The principal-agent framework has been proposed because it is an interesting
paradigm for the analysis of incentives in contracting in general. The practice of public
administration can actually be conceptualized from a principal-agent approach,
particularly if the starting point is the goal difference between principals and agents
(Lane, 2020; Van Thiel & Smullen, 2021). Thus, we have the context of relationships
with informational asymmetries regarding the agents’ backgrounds and limited ability
to observe their activities. Specifically, public administration functioning is conditioned
by policy refinement, which is done during the implementation process and routinely
held as the responsibility of agents (Gauld, 2007).

We utilize this approach because we are mainly concerned with the potential
conflicts of interest and variation in goals between principals and agents, which affect
the incentives of agents to utilize and reveal AL. Namely, the literature suggests that the
principal-agent framework is particularly relevant for analyzing the utilization of
artificial intelligence, as it highlights potential conflicts of interest and information
asymmetry between the principal and the agent. The above can lead to unintended
consequences or suboptimal outcomes, raising challenges particularly related to
developing tools for incentive design and monitoring, and ultimately affecting both
principals’ and agents’ responsibilities (Guggenberger et al., 2023; Kolt, 2025; Yoo &
Giannetti, 2024). Put differently, this should correspond to the so-called value-
alignment problem, which is closely related to the regulation of AI systems and the
development of procedures for human oversight of Al decision-making systems
(Hadfield-Menell, 2021).

We recognize that other theoretical approaches could form the foundations of our
study, e.g., the management change approach (By, 2005; Chowdhury & Chandra Shil,
2022). The principal-agent framework and management change approach are actually
interconnected, yet follow different procedural and process logic. We decided to omit
the foundations of the management change approach because it is much broader than
the purposes and methodology of our research. Our research does not focus on the
holistic processes of organizational transformation, nor do we anticipate or scrutinize
the broader organizational shifts and transitions. Additionally, we do not consider
potential strategies and processes for adapting an organization to new circumstances.
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3. Methodology, research design and data

We employed a mixed-methods approach, combining quantitative and qualitative
analyses to examine the automation-augmentation paradox among public managers in
Slovenia. Sequential mixed methods is a research design that integrates quantitative and
qualitative approaches sequentially, enabling researchers first to identify broad patterns
and relationships through quantitative analysis and then elaborate on these findings
with in-depth qualitative inquiry. As noted by Venkatesh et al. (2013) this approach
facilitates a more comprehensive understanding of complex phenomena by combining
the precision of numerical data with the rich, contextual insights gained from qualitative
methods.

Table 1:
Research design
LEVEL CONSTRUCT DATA METHOD
COLLECTION
Individual Level TOE (Mikalef et aI., 2023)
UTAUT (Zuiderwijk et al.,

2015)
Principal-Agent Problem (Cable
& DeRue, 2002; Deci & Ryan,

1994; Gagné et al., 2010;
Mayer et al., 1995; Podsakoff
et al., 2009)

Source: Authors’ own, 2025

Semi-structured
Interview
Focus Group

Quantitative and

Organizational Level Qualitative

By testing the constructs at different levels of analysis, the research will undergo
multilevel analysis, allowing us to develop a more in-depth and complex understanding
of the phenomena (Klein & Kozlowski, 2000). According to Hox et al. (2010), multilevel
research can help researchers investigate the impact of contextual factors (e.g.,
organizational, group, individual) on the outcome of interest, which is particularly
important in management research where the impact of context on individual behavior
is often of interest. According to Klein and Kozlowski (2000), investigating cross-level
effects is particularly important in management research, where understanding the
interplay between individual and contextual factors is critical. Finally, multilevel
analysis can improve the fit of the statistical model by accounting for the clustering of
individuals within higher-level units, resulting in more accurate estimates of the effects
of interest and more precise predictions (Snijders & Bosker, 2012).

3.1. Sample description and selection process
The quantitative component of the study involved a total of ten public managers from
Slovenian public sector organizations, all of whom participated in a structured focus
group using the AHP method. Rather than using a standard survey design, the AHP
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questionnaire was employed as input for a guided group discussion. This approach
facilitated collective discussion, clarification of priorities, and the aggregation of expert
managerial judgments. Given the low diffusion of Al technologies in the Slovenian
public sector and the homogeneity of managerial roles, a sample of ten decision-making
units is considered analytically robust for deriving meaningful weights and priorities in
multi-criteria decision analysis (Ossadnik et al., 2016; Saaty, 1990).

The qualitative component involved twenty public managers from Slovenian
public sector organizations, divided into two groups of ten. Public managers from
organizations without Al implementation were interviewed through semi-structured
interviews in May 2024, while those from organizations with AI implementation
participated in a focus group discussion in April 2025. Notably, the same group of ten
public managers who participated in the quantitative focus group also comprised the
Al-implementing group in the qualitative study.

All participants held mid- to senior-level managerial positions in departments
such as finance, urban development, social services, and general administration. They
were responsible for one or more of the POSDCORB functions (Gulick & Urwick,
1937), making them suitable informants for assessing the managerial implications of Al
The selection followed a purposive sampling strategy, coordinated with senior
leadership who were first informed about the study’s objectives and methodology. Their
agreement facilitated internal communication and access to relevant staff. Public
managers were invited to participate based on predefined inclusion criteria: holding a
management role, being involved in administrative or strategic functions, and having
responsibilities related to technological development or innovation. This structure
enabled an in-depth comparison of managerial discretion, control, and accountability
—core constructs in Principal-Agent Theory (Eisenhardt, 1989) —between AlI-
adopting and non-adopting contexts within the public sector.

3.2.  Quantitative research design

The quantitative component focuses on measuring organizational and individual
readiness for Al implementation. To structure this assessment, the study draws on the
Technology-Organization-Environment (TOE) framework and the Unified Theory of
Acceptance and Use of Technology (UTAUT), as both provide validated constructs for
identifying the factors that influence technological readiness and adoption in
organizational contexts. The TOE framework captures external and internal conditions
— including technological infrastructure, institutional capacity, and environmental
pressures — while UTAUT focuses on individual perceptions, such as performance
expectancy, effort expectancy, social influence, and facilitating conditions.

To determine the relative importance of the factors identified within these
frameworks, the study applies the Analytic Hierarchy Process (AHP) (Saaty, 1990).
According to previous research, AHP is a widely used method for group decision-
making (Jankovi¢ & Popovié, 2019). It offers several advantages, as it allows the
aggregation of individual judgments or priorities using geometric or arithmetic means
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(Huang et al., 2009; Ossadnik et al., 2016).

First, a decision model for assessing Al readiness was developed as a hierarchical,
tree-like structure that embeds thirteen criteria into four categories: technology,
organization, environment, and individual readiness.

Figure 1:
Steps to create and test proposed decision model

Analysis of TOE Creation and Analysis of Development
Framework and distribution of ather}:ed data and testing of
UTaUT Model questionnaire 9 the model

e Extracting factors e Gathering pairwise ¢ Application of AHP e Analysis of
(=criteria) and comparison data decision making assessment scores
grouping them in about criteria method.
categories

Source: Authors’ own, 2025

Secondly, a structured AHP questionnaire was created and used as input for a
focus group session with public managers from four Slovenian public sector
organizations. Within this focus group, participants were asked to conduct pairwise
comparisons between criteria within each category, as well as between the four
categories themselves. The comparisons were based on a standard AHP scale from one
to nine: where one indicated equal importance, three indicated moderate preference,
five signified strong importance, seven indicated very strong importance, and nine
reflected extreme importance of one element over another. These pairwise comparisons
allowed managers to express the relative priorities of each criterion based on their
professional judgment and experience. This approach ensured that the assessment of Al
readiness was not only grounded in established theoretical frameworks but also refined
through collective reasoning and expert deliberation, enhancing the analytical
robustness of the findings.

Third, we applied AHP to our group decision problem. The quantitative data were
analyzed using AHP to determine the weight of various factors influencing
organizational readiness for artificial intelligence. Their responses were translated into
pairwise comparison matrices. Based on these pairwise comparison matrices, the final
weights were calculated using the geometric mean method. As well, we calculated the
consistency index (CI) and consistency ratio (CR) to check whether the collected
pairwise comparisons are consistent.

Finally, we developed our model (Figure 2), tested it on synthetic cases, and
calculated the overall score for the organization.
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Figure 2:

Hierarchical decision model

EEADINESS OF
ORGANIZATION FOR.
ARTIFICIAL
INTELLIGENCE
TECHNOLOGY ORGANIZATION ENVIRONMENT [DMDIVIDUAL READINESS
1 2 3 4
Perceived direct bensfits of Leadershi Spcial infl Echavioral intention to use
artificial i i -] o artificial intelligenca
21 31
11 4.1
Effort expectancy of . . The state and citizens - .
ificial § . - Shﬂssn:ifxpme 31 v ne of uza
12 - -
Data Innowation and raadiness for
13 23
Tachnalogy Caosts and resources
14 24
Facilitating conditions
23

Source: Authors’ own, 2025

3.3.  Qualitative research design

The qualitative research involved two distinct groups of public managers from
Slovenian public sector organizations, using different data collection methods. The first
group, consisting of public managers from organizations without Al implementation,
participated in semi-structured interviews conducted in May 2024. The second group,
composed of public managers from organizations where Al had already been
implemented in several key departments, participated in a focus group held in April
2025. This comparative before-and-after design enabled a focused examination of
managerial expectations and experiences across different stages of Al integration.

All interviews and the focus group discussion were structured around the
POSDCORB framework, allowing for consistent discussion of the core managerial
functions. Managers were asked to reflect on how specific tasks—such as planning,
reporting, and budgeting—were carried out prior to the adoption of Al and how these
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tasks had changed following implementation. Particular attention was paid to perceived
shifts in autonomy, control by superiors, and the degree of task standardization. The
interviews and the focus group were designed to investigate key aspects of the principal-
agent relationship in the context of Al integration. In the pre-implementation phase,
managers described their expectations about how AI would influence their decision-
making authority, oversight from superiors, and alignment with organizational goals.
In the post-implementation phase, managers reflected on actual changes to their roles,
including whether they felt more closely monitored, whether certain decisions had
become more automated, and whether AI tools supported or limited their professional
judgment. The comparison between the two groups provided insight into how Al
adoption affects task execution, accountability, and perceived discretion across
organizational functions. Interview transcripts were thematically coded to identify
patterns of change that signal either increased automation or more substantial reliance
on human input. These findings were interpreted using the principal-agent lens to
assess how Al reshapes managerial agency and controls within a public sector context.

4. Results

4.1. Quantitative research results

Based on expert contributions evaluated using the Analytic Hierarchy Process (AHP),
the assessment of Al readiness across public sector managerial functions shows clear
priorities in the four main categories. Individual readiness was rated as the most
influential category (36.65%), followed by organization (28.38%), technology (18.55%)
and environment (16.43%). This distribution reflects the experts’ emphasis on people-
centric factors, such as employee voluntarism and behavioral intent, which are critical
to AT adoption. The low consistency ratio (CR = 0.024) confirms the reliability of these
aggregated assessments.

Within the technology category, data (35.36%) emerged as the highest priority
criterion, followed by technology infrastructure (26.20%), effort expectation (22.37%),
and perceived direct benefit (16.07%). This ranking indicates that basic technical
resources and ease of use are considered more important at this stage than the expected
benefits of Al adoption.

In the organization category, skills and expertise (27.32%) and innovation and
readiness for change (22.38%) were weighted most heavily. In contrast, facilitating
conditions (13.51%) and costs and resources received comparatively less importance,
highlighting a focus on organizational capabilities and adaptability over structural or
financial conditions.

While the environment category was the least important overall, it showed an
apparent internal disparity: social influence (71.04%) was prioritized well ahead of state
and citizens’ factors (28.96%), highlighting the greater influence of internal social
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pressures compared to external mandates or citizen demands.

Within individual readiness, voluntariness of use (68.16%) was rated significantly
higher than behavioral intention to use AI (31.84%), highlighting the critical role of
employee autonomy in the adoption of Al in the public sector. The perfect consistency
index (CI = 0) for both the Environment and Individual Readiness categories reflects a
strong consensus among the experts.

Taken together, these results suggest that Al readiness in the public sector is
primarily driven by individual and organizational factors rather than purely
technological or environmental factors. The above highlights the importance of
developing employee skills, fostering innovation readiness, and voluntary engagement
as key components of successful Al integration.

Table 1:
Al readiness weights and consistency indicators
Category Criterion Weight (%)
Technology Data 35.36
Technology Technology Infrastructure 26.20
Technology Effort Expectancy 22.37
Technology Perceived Direct Benefits 16.07
Organization Skills and Expertise 27.32
Organization Innovation and Readiness for 22.38
Change
Organization Costs and Resources 19.80
Organization Leadership 17.00
Organization Facilitating Conditions 13.51
Environment Social Influence 71.04
Environment State and Citizens 28.96
Individual Readiness Voluntariness of Use 68.16
Individual Readiness Behavioral Intention to Use Al 31.84

Source: Authors’ own, 2025

The proposed decision model is acceptable because it clearly differentiates the
alternatives, with apparent point gaps that justify classifying them into meaningful
ranking groups or classes. Our synthetic organizations were ranked in three out of five
groups, with two synthetic organizations narrowly missing the best group (less than 2%)
and the worst group (less than 1%). The proposed decision model is robust. Minor
changes do not affect the class boundaries, and the final ranking is consistent with the
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preferences of public managers. Synthetic organizations that received a high score in the
Individual Readiness category received a higher score, which was consistent with the
model’s preferences.

The decision support system provides two key visual outputs to guide decision
makers. The first visual presents the overall assessment result, indicating the
organization’s current readiness level and identifying the corresponding stage of Al
readiness. It offers a clear, high-level overview of where the organization stands in its
adoption journey (see Figure 3).

Figure 3:
Current readiness level of synthetic organization 8.

Readiness Level

Basic Level

20.9%

The organization is at an early stage of readiness for Al use.

Source: Authors’ own, 2025

The second visual breaks down the assessment by category, showing the
organization’s performance in each of the four categories. It also illustrates how each
category’s score contributes to the overall readiness score through weighted
aggregation. While the displayed weights are rounded to whole numbers for clarity, the
actual calculations use precise, unrounded weight values that were gathered in the
previous step of research to ensure accuracy (see Figure 4).
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Figure 4:

Synthetic organization 8 performance in all four categories

Technology
Weighted assessment: 4.8%

Weight: 19%

Score: 25.7%

Organization
Weighted assessment: 5.6%

Weight: 28%

Score: 19.7%

Environment
Weighted assessment: 10.6%

Weight: 16%

Score: 64.5%

Source: Authors’ own, 2025

Individual Readiness
Weighted assessment: 0.0%
Weight: 37%

Score: 0.0%

Based on the assessment results, the system also generated tailored
recommendations to support the organization in addressing specific gaps and

improving its Al readiness (see figure 5).

Figure 5:

Tailored recommendation for synthetic organization

Recommendations for improvement

Based on the assessment results, we recommend the following actions:

Technological Factors

» Urgently need improvements to basic technological

infrastructure and data access.

» Consider a pilot project with external Al experts.

Environmental Factors

+ Become a leader in developing ethical standards for
Al in your sector.

« Actively participate in shaping Al policy and
standards.

Source: Authors’ own, 2025

Organizational Factors

* Develop a basic strategy for Al implementation in

your organization.

* Provide basic Al training for key employees.

Personal Factors

* Educate employees about Al benefits to reduce
resistance to change.

« Start with small projects that demonstrate Al value,
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4.2. Qualitative research results

This section presents the results of the qualitative study, based on semi-structured
interviews and a focus group with public managers from the No Al-implemented and
Al-implemented groups within the Slovenian public sector. The findings are structured
around the POSDCORB framework and interpreted through the lens of Principal-
Agent Theory. The table below provides an overview of the demographic and
professional characteristics of the ten public managers interviewed in May 2024 as part
of the No-Al-implemented group.

Table 2:
Sample characteristics of public managers (No AI-Implemented, May 2024)
Years in
Participant Gender Age Department / Functional Area Managerial
Role

Manager A (Pre) Male 60 Finance and Budgeting 21
Manager B (Pre) Female 41 Investment Projects 14
Manager C (Pre) Male 51 Public Procurement 17
Manager D (Pre) Male 45 Legal and Administrative Affairs 24
Manager E (Pre) Male 54 Social Affairs 14
Manager F (Pre) Female 60 Public Infrastructure 23
Manager G (Pre) Male 40 Environmental Services 10
Manager H (Pre) Male 51 Project Management 13
Manager I (Pre) Male 51 Internal Audit and Risk Management 11
Manager J (Pre) Female 54 Director of Municipal Administration 10

Source: Authors’ own, 2025

The participants’ ages ranged from 42 to 60 years (M = 52.40, SD = 5.87). They
had substantial experience in managerial roles, with tenures ranging from 10 to 24 years
(M =17.00, SD = 4.64).

The table below presents the sample characteristics of ten public managers who
participated in a focus group in April 2025, as part of the Al-implemented group, after
AT had been deployed within the same public sector organization.

Table 3:
Sample characteristics of public managers (AI-Implemented, April 2025)
o Department / Functional Years in
Participant Gender Age P = 10 r_ !
Area Managerial Role
Manager A (Post) Male 58 Mayor 13
Director of Municipal
Manager B (Post) Female 55 Administration 11
Manager C (Post) Male 54 Administration, Receptlon, and 23
Archive
Manager D (Post) Male 54 Social Affairs 15
Manager E (Post) Female 58 General Administrative Services 15
Manager F (Post) Male 60 Finance and Budgeting 22
Manager G (Post) Female 59 Investment Projects 13
Manager H (Post) Female 42 Investment Projects 15
Manager I (Post) Female 44 Economic Public Infrastructure 22
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Manager J (Post) Male

58 Spatial Planning (External |

Consultant) 24 |

Source: Authors’ own, 2025

The participants’ ages ranged from 42 to 60 years (M = 53.30, SD = 5.98), reflecting
a mature group with established roles in municipal governance. Their tenure in
managerial positions ranged from 11 to 24 years (M = 17.00, SD = 4.64), indicating

extensive professional experience in public administration and leadership.

Table 4:

Findings and interpretations from the No AI-Implemented Group

Summary of
Findings from the
No AI-Implemented
Group

Principal-Agent
Interpretation

POSDCORB .
0s C_O Relevant Quotation
Function
“AI could help prepare more
R accurate financial forecasts, but I
Planning

worry it will just be another way
for superiors to control us.”

Anticipated support for
forecasting and
alignment, with
concerns about

increased oversight.

Potential for enhanced principal
oversight through predictive
analytics may reduce agent

discretion.

“Standardized processes might
save time, but they often miss the
context that only I can understand

from my experience.”

Organizing

Expected streamlining of
workflows, but concern
over loss of adaptability.

Standardized workflows could limit
agents’ flexibility to exercise
context-based judgment.

"I don't use Al—neither
individually nor organizationally—

Welcomed objectivity in
recruitment, but feared
loss of contextual
judgment.

Al seen as a way to align
evaluation processes with principal
expectations, but risks agent
disempowerment.

Staffing for staffing. I don't trust it with
something as sensitive and
interpersonal as hiring.”
“If everyone gets guidance from a
Directing system, do they still see me as a

leader?”

Mixed views on Al
assisting vs. diminishing
leadership authority.

Al may shift perceived authority
from agent-led to system-driven
leadership, raising legitimacy
concerns.

“We often solve issues with a
quick call—I'm not sure AI can
replace that informal know-how.”

Coordinating

Expected improved data
sharing, with concerns
about loss of informal

coordination.

Formalized coordination could
reduce information asymmetry but
weaken informal trust-based
practices.

"I don't use Al—neither
individually nor organizationally—

Anticipated support in

performance tracking,

but increased exposure
to scrutiny.

Increased transparency supports
monitoring but heightens principal
control over agents.

Reporting for staffing. I don't trust it with
something as sensitive and
interpersonal as hiring.”
“If a mistake happens in an Al-
Budgeting generated budget—am I still the

one accountable?”

Optimism about
improved forecasting,
but concerns over
accountability for AI-

driven outputs.

Data-driven budgeting may
improve accountability but also
create new asymmetries in
understanding financial decisions.

Source: Authors’ own, 2025

Moreover, alongside the analysis of managerial perceptions, the study also
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examined the availability and planning of Al-related training and education. Interviews
with the No Al-implemented group revealed that by May 2024, no structured
educational activities —such as workshops, seminars, webinars, or tailored training
programs on artificial intelligence or generative AI —had been organized for public
sector staff. Nonetheless, there was a growing recognition among managers of the need
for such initiatives to support a future transition toward Al-enabled management
practices.

Table 5:

Findings and interpretations from the AI-Implemented Group

Summary of

the logic myself.”

some used AlI for idea
generation.

POSDCORB Relevant Quotation Findings from the Principal-Agent
Function AI-Implemented Interpretation
Group
“ . . Used mostly for text Minimal AI use limits both
I use it to improve sentence . .
R L formatting; limited support and control; agent
Planning structure, not for actual decision- . . . .
- impact on strategic autonomy remains high but
making. L -
decisions. underutilized.
“We haven’t implemented AI tools No ch'ange repo.rted; No perceived shift in oversight
- - s routines remained . X "
Organizing collectively yet—it’s more of an or discretion; traditional agent
R e, manual and based on .
individual initiative. . control persists.
personal judgment.
“I like help from Al in Al not used; decision- Agent-led decisions dominate
" recruitment—Ilike CV screening— | making remains human- | due to low trust in AI; potential
Staffing X R ) .
but the final say must always stay | centered with resistance for principal-agent
with me.” to change. misalignment remains.
“ ) Concerns about reduced | Al use for idea generation does
Sometimes I ask AL tools for original thinking, though not undermine authority, but
Directing ideas, but I always double-check 9 9 9 Vs

concern persists about future
loss of agent initiative.

Coordinating

“So far, coordination remains
manual. Any Al tools—if used—are
accessed individually, but there’s
no shared platform or policy.”

No systematic use of Al
tools for
interdepartmental
coordination.

No AI-enabled visibility or
integration; agents retain
discretion, but coordination
remains fragmented.

“AI gives me a good first draft, but

Al used for drafting and
formatting reports;

Al increases visibility of reports
without challenging agent

testing ChatGPT, has been
informal and individual, not
embedded into our systems.”

adoption due to legal
and technical concerns.

Reportin the final report still reflects m ) ) S
P 9 P . ” Y managers retained final control; supports minimal
decisions. .
control. oversight.
“We haven't implemented AI in
budgeting due to data protection Al not integrated with Lack of AI integration maintains
Budgeting risks. Any experimentation, like financial tools; low agent control but exposes gaps

in principal monitoring and
compliance systems.

Source: Authors’ own, 2025

Managers expressed a preference for future training to be organized in
collaboration with specialized private consultants, professional associations, or
potentially under the auspices of national ministries. However, insights from the
municipal director revealed that the most effective format to date has been cooperation
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with local government associations such as the Association of Municipalities and Towns
of Slovenia (SOS) and the Union of Municipalities of Slovenia (ZOS), which
occasionally collaborate with ministries—though not yet in the field of artificial
intelligence. While no structured AI-specific education had yet been initiated within the
municipality, several employees who showed personal interest had independently
attended various lectures and seminars. The municipality generally refrains from
organizing tailor-made educational programs solely for its own staff. Instead, it opts to
participate in shared offerings coordinated at the national level, particularly through
SOS, which is currently searching for a new training provider due to discontinuation
with the existing partner. The director emphasized the importance of tailoring
educational formats to the varying levels of Al familiarity among staff. On the one hand,
some employees are Al novices and would benefit from general awareness-raising
sessions.

On the other hand, occasional users are seeking more advanced, in-depth content.
To address these needs, the director proposed a model similar to Excel training courses,
featuring tiered workshops like “AI Use for Municipalities — Basic Level” and “AI Use
for Municipalities - Advanced Level.” Online delivery formats were particularly
favored, allowing participants to test tools interactively during the session. While the
municipality receives many training offers, preference is given to programs specifically
adapted to municipal work. Moreover, motivated employees are encouraged to stay
informed about Al-related developments and share relevant opportunities with
colleagues. The municipality is especially interested in practical applications of Al across
various domains—including finance, spatial planning, social services, and executive
management.

Furthermore, the table below compares findings from the no Al-implemented and
Al-implemented groups, highlighting shifts in task execution and perceived managerial
control, and offering interpretations grounded in Principal-Agent Theory.

Table 6:
Comparison of POSDCORB-related findings and principal-agent dynamics

POSDC.ORB No AI-implemented AI-implemented Principal-Agent Comparison
Function
Antici fi P ial f h incipal igh
nticipated §upport or Used mostly for text otentia (_)r _en anced.prlnupa oversight
forecasting and i o through predictive analytics may reduce agent
R . X formatting; limited R . . .
Planning alignment, with X X discretion. / Minimal AI use limits both support
impact on strategic R R
concerns about L and control; agent autonomy remains high but
. . decisions. .
increased oversight. underutilized.
Expected streamlining No change reported; Standardized workflows could limit agents’
Organizin of workflows, but routines remained flexibility to exercise context-based judgment. /
9 9 concern over loss of manual and based on No perceived shift in oversight or discretion;
adaptability. personal judgment. traditional agent control persists.
Welcomed objectivity in A¥ r_\ot used_; Al is segn as _a way to align e_valuation )
. decision-making processes with principal expectations, but risks
- recruitment, but feared ) . .
Staffing remains human- agent disempowerment. / Agent-led decisions
loss of contextual ) . . X
iudament centered with dominate due to low trust in AI; potential for
Judg ) resistance to change. principal-agent misalignment remains.
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Directing

Mixed views on Al
assisting vs. diminishing
leadership authority.

Concerns about
reduced original
thinking, though
some used Al for
idea generation.

Al may shift perceived authority from agent-led

to system-driven leadership, raising legitimacy

concerns. / Al use for idea generation does not

undermine authority, but concern persists about
future loss of agent initiative.

Coordinating

Expected improved data
sharing, with concerns
about loss of informal

coordination.

No systematic use of
Al tools for
interdepartmental
coordination.

Formalized coordination could reduce
information asymmetry, but weaken informal
trust-based practices. / No Al-enabled visibility
or integration; agents retain discretion but
coordination remains fragmented.

Anticipated support in
performance tracking,

Al used for drafting
and formatting

Increased transparency supports monitoring but
heightens principal control over agents. / Al

accountability for Al-

legal and technical
concerns.

Reporting . increases visibility of reports without
but increased exposure reports; managers R L
. . . challenging agent control; supports minimal
to scrutiny. retained final control. X
oversight.
- : Data-driven budgeting may improve
Optimism about Al not integrated " 9 g Y Imp .
. . e X accountability but also create new asymmetries
improved forecasting, with financial tools; . . X . .
. . in understanding financial decisions. / Lack of AI
Budgeting but concerns over low adoption due to

integration maintains agent control but exposes
gaps in principal monitoring and compliance

driven outputs.
systems.

Source: Authors’ own, 2025

5. Discussion

As far as we know, this is the first study to integrate the TOE and UTAUT frameworks
to assess readiness for Al adoption in the public sector. While the TOE framework
captures systemic factors that influence technology adoption, it does not address
individual-level factors that are essential in a context such as the public sector, where
employee behavior plays a crucial role. UTAUT, on the other hand, focuses precisely on
these individual acceptance variables. Their integration, therefore, provides a more
comprehensive assessment of readiness. The results of the AHP in the combined model
reveal that the most important category for Al utilization is individual readiness,
followed by organization, then technology, and finally, the environment. In the
technology category, data is the most important criterion, followed by technology. The
effort expectancy of Al isin third place, and the least important criterion is the perceived
direct benefits of Al In the organization category, the most important criterion is skills
and expertise, followed by innovation and readiness for change, then costs and
resources, leadership, and finally, facilitating conditions. In the environment category,
social influence is much more important than the state and its citizens. In the individual
readiness category, voluntariness is much more important than the behavioral intention
to use AL

In addition, the post-implementation evaluation of Al use in local government can
be systematically interpreted through the lens of the proposed AHP-based decision
model. The model prioritizes the main categories — Individual Readiness (36.65%),
Organization (28.38%), Technology (18.55%), and Environment (16.43%) - with
multiple criteria, each of which helps explain specific implementation patterns.
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Individual readiness and organization together account for more than 65 % of the total
weight, suggesting that systemic and behavioral factors are closely linked. The above
would be overlooked if either TOE or UTAUT were applied in isolation. This
integration offers a novel theoretical approach to modeling readiness and fills an
important gap in the literature on Al adoption, where structural and individual factors
are often treated separately. It provides a basis for future frameworks that consider the
multi-level nature of technological change in the public sector.

Each POSDCORB function is associated with a subset of relevant criteria that shed
light on the observed level of Al integration:

In the case of planning, the relevant criteria include voluntariness of use and
behavioral intention to use AI, which reflect individual readiness.
Technological aspects are captured through the perceived direct benefits of Al,
while organizational factors encompass leadership and the availability of costs
and resources. Planning, being inherently strategic and dependent on
leadership initiative, currently exhibits limited AI integration. This is primarily
due to the perception of Al as a voluntary rather than essential tool, as
evidenced by the high global weighting of voluntariness. Additionally, the
relatively low value assigned to AI’s direct benefits suggests that it is not broadly
recognized as a strategic enabler. Organizational constraints, such as a lack of
leadership initiative and insufficient resources, further hinder AI adoption in
this function.

Organizing is shaped by criteria such as the behavioral intention to use Al
(individual readiness), the availability of data (technological factor), and
organizational elements like skills, expertise, and readiness for change. This
function depends heavily on structured data flows, technological infrastructure,
and competent personnel. Nonetheless, the ongoing reliance on manual
processes and subjective judgment signals a weak behavioral intent to adopt Al
This situation is exacerbated by limited data infrastructure and a lack of
organizational readiness, indicating that both technological and organizational
barriers constrain broader Al integration, despite the moderate potential for
automation in this area.

The function of staffing is governed by the voluntariness of use, which indicates
individual readiness, along with organizational characteristics such as
innovation readiness and expertise, and the influence of environmental factors,
notably social influence. Staffing remains predominantly human-centric and
resistant to automation. Employees are not obligated to engage with AI in HR
decision-making. This voluntariness, combined with weak organizational
readiness for change and limited external or internal pressure, reinforces the
continuation of traditional, discretionary practices. The absence of compelling
social or institutional drivers diminishes momentum toward transformation in
this domain.

In the directing function, the key criteria are behavioral intention to use Al
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(individual readiness), perceived direct benefits (technology), and leadership
(organization). While AI is occasionally used for idea generation, signaling a
certain degree of openness among employees, the moderate global weight
assigned to behavioral intention suggests that adoption remains inconsistent.
The perceived lack of strategic value and limited leadership support further
suppressed the expansion of AI usage. Persistent concerns about the loss of
creativity and human initiative also reduce willingness to integrate Al in
leadership and guidance tasks systematically.

Coordinating relies on technological factors such as data integration,
organizational factors like skills and innovation readiness, individual
voluntariness, and environmental influences, including social influence.
Despite the importance of shared platforms and interdepartmental
collaboration, Al is rarely utilized systematically to facilitate coordination. The
absence of robust Al tools, coupled with fragmented organizational structures,
impedes effective integration. The high degree of voluntariness allows
individuals to disengage from AT use, and weak social influence fails to generate
the necessary alignment pressure. As a result, coordination processes remain
siloed and inconsistent.

For the function of reporting, the relevant criteria include behavioral intention
to use Al (individual readiness), data (technology), and leadership
(organization). Reporting tasks, particularly those related to formatting and
tracking, present low-risk opportunities for Al integration. The moderate
global importance attributed to the behavioral intention to use Al facilitates
incremental automation, while structured data systems further support such
initiatives. Leadership generally accepts Al involvement in reporting, as long as
it does not encroach on strategic authority or decision-making.

Lastly, budgeting is evaluated through technological readiness, costs and
resources (organization), social influence (environment), and voluntariness of
use (individual readiness). Among all POSDCORB functions, budgeting
exhibits the lowest level of Al adoption. The above is due to a combination of
legal and technical obstacles. Although technology is moderately weighted
globally, it is insufficient to overcome the perceived legal risks or legacy system
constraints. Limited organizational resources and the absence of significant
social or institutional encouragement further deter Al investment in budgeting.
The predominance of voluntariness once again enables staff to opt out of
automation in this sensitive yet essential function.

Moreover, the integration of the AHP and the qualitative component in this study

provides strong triangulation that supports the researchers’ initial assumptions about
the dynamics of AT adoption in public management. Specifically, the study hypothesized
that AT would be selectively integrated into managerial functions based on perceived
readiness, strategic value, and contextual constraints, and that augmentation—rather
than full automation—would be the prevailing mode of engagement. The AHP results

126



THE NISP ACEE JOURNAL OF PUBLIC ADMINISTRATION AND Poticy, Vor. XVIII, No. 2, WINTER 2025/2026

confirmed that individual readiness, particularly voluntariness and behavioral intention
to use AI, is the most influential factor in determining whether and how AI is
implemented. This prioritization was mirrored in the qualitative interviews, where
managers consistently emphasized personal attitudes, discretion, and trust as decisive
in their willingness to adopt AI tools. Conversely, for functions such as planning and
budgeting—assumed initially to benefit from AI support—low levels of actual
integration were observed. These findings aligned with lower perceived benefits and
organizational barriers identified in the AHP analysis, as well as minimal leadership
initiative and resource availability. The methodological convergence thus reinforces the
assumption that successful Al adoption is not solely a matter of technological
infrastructure. However, it is highly contingent on individual agency, organizational
culture, and legal context. Furthermore, the consistent preference for augmentation
over automation—particularly in discretion-heavy tasks—validates the theoretical
framing of the automation-augmentation paradox as a dynamic rather than binary
phenomenon. In sum, the interplay of AHP and qualitative insights confirms that Al
adoption among public managers remains cautious, nuanced, and context-sensitive,
with augmentation emerging as the more viable and accepted pathway in the current
stage of digital transformation in the public sector.

The study provides valuable empirical and theoretical insights into how the
integration of Al into public management reshapes managerial functions and alters
principal-agent dynamics. Drawing on the POSDCORB framework, the findings reveal
that AT’s influence is uneven across managerial domains, with its utility most evident in
functions like reporting and planning, and least in staffing and budgeting. These
patterns align with the nature of tasks embedded in each function and their
susceptibility to either standardization or discretion. From the perspective of principal-
agent theory, Al has the potential to reduce information asymmetry and monitoring
costs, two core dimensions of agency problems, by introducing tools that enhance
transparency, real-time reporting, and predictive analytics. The above is particularly
visible in the reporting function, where AI was used to assist in drafting documents and
formatting outputs, thereby making managerial performance more legible to principals
without entirely displacing managerial discretion. Similarly, in planning, although AI
was primarily used for low-level formatting rather than strategic foresight, there is
potential for enhanced principal oversight through data-driven forecasting. However,
these theoretical benefits are mediated by strong institutional and individual-level
constraints. In more sensitive or discretionary functions such as budgeting and staffing,
AT implementation was minimal due to concerns over legal accountability, lack of trust
in algorithmic judgment, and fear of losing human agency.

These findings point to a critical mechanism: while AI can be designed to improve
control and alignment in principal-agent relationships, its actual adoption depends on
whether agents perceive such technologies as supportive or threatening to their
professional judgment and legitimacy. Where Al use is voluntary and unstandardized,
managers retain significant discretion, and potential gains in accountability remain
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unrealized. The interviews of the Al-implemented group further underscore that Al in
its current form, does not fundamentally shift the balance of power in the principal-
agent relationship, but may serve as an auxiliary tool in low-risk domains. Interestingly,
this becomes relevant when contrasting public and private sector managers, where for
the former, autonomy (i.e., freedom from political interference) has been increasingly
stressed by the New Public Management revolution, but tends to be in practice
comparatively much more limited (Bezes & Jeannot, 2018; Entwistle, 2021). Overall, the
study suggests that Al acts as a conditional governance enhancer, and its ability to
mitigate agency problems is strongest where tasks are rule-based and measurable, and
weakest where human interpretation, normative judgment, and political sensitivity are
involved. Thus, the introduction of Al into public management functions reinforces the
idea that technological tools cannot be abstracted from the institutional and relational
contexts in which they operate. Effective use of Al in public governance, therefore,
requires not just technological capability, but also organizational will, legal clarity, and
trust between principals and agents.

6. Conclusion

The paper addresses the lack of empirical literature in management science on the effect
of Al utilization on managerial functions, as well as on the magnitude and dimensions
of the principal-agent problem. Thus, our study contributes to the research on the
utilization of Al in public sector organizations, specifically focusing on management
functions. The practical value of the research relates to empirical testing of (amended)
paradox theory, which suggests that organizations often encounter competing, yet
interdependent demands - such as the need for both stability and change, short-term
and long-term goals, and control and flexibility. Specifically, AI introduces its own set
of paradoxes into managerial work, as managers must balance between human intuition
and Al-driven data analytics, centralized control and decentralized automation, and
short-term operational efficiency versus long-term strategic innovation. In addition, we
focus on testing the specifics related to performing management functions in the public
sector. We acknowledge certain specifics in this context, such as the fact that setting
goals by public sector managers may take more time and input, as their goals may focus
on the feelings and perceptions of the public rather than facts and data alone. They
should bear in mind the necessity to pursue public interest, and they have accountability
to a larger set of stakeholders, which ultimately alters the nature of their management
functions.

From a theoretical perspective, our study contributes to refining the automation-
augmentation paradox by demonstrating that Al rarely replaces managerial work but
rather reshapes it through subtle and context-specific augmentation. Furthermore, the
study extends principal-agent theory by revealing that AI can both mitigate and
reinforce asymmetries in information and control, depending on the function and
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institutional setting. The dual use of inductive and deductive reasoning allowed us to
observe empirical patterns emerging from decision-making processes, which we then
grounded in established theoretical frameworks, thus enriching the explanatory power
of both.

The study makes a practical contribution by providing a structured and actionable
decision support model for assessing readiness for Al in the public sector. By integrating
Technology-Organization-Environment and the Unified Theory of Acceptance and Use
of Technology, we capture both the systemic and individual determinants of technology
acceptance. These factors have often been neglected in previous research. We used the
Analytic Hierarchy Process (AHP) for the study. The results of the AHP show that
individual readiness is the most important factor, followed by organizational,
technological and environmental aspects.

For the context of management functions, the results suggest that utilization of Al
is particularly preferred for planning, coordinating, reporting and budgeting functions,
if we follow the POSDCORB framework. However, it should be of limited relevance
when supporting the staffing function. However, while Al utilization may help reduce
principal-agent issues related to planning and coordinating by increasing perceived
control over agents, this does not apply to the budgeting function. Finally, regarding the
(top) management functions, the results of the endeavor suggest that the prevalence is
more of an augmentation dimension than an automation dimension within the paradox
description, at least when scrutinizing evidence from the public management
perspective.

Several limitations should be acknowledged. First, the experimental testing was
conducted on a relatively small and context-specific sample of public managers in
Slovenia, which may limit the generalizability of the findings to broader or more
heterogeneous populations. While the size was adequate for the AHP and group
decision-making process, future research should expand the sample size and diversity.
Second, the study focused exclusively on managerial perceptions, thus omitting other
relevant perspectives such as those of citizens, elected officials, or IT personnel. Third,
we observed hints of individual-level concealment behavior - i.e., selective or informal
use of Al tools — which may reflect underlying tensions in perceived autonomy and
accountability, and which future research should investigate further.

To conclude, this article provides novel empirical and theoretical insights into how
AT affects core public management functions, revealing that augmentation, rather than
automation, prevails in most managerial tasks, especially where discretion and
stakeholder complexity are high future research should also explore the evolution of AI
utilization across different phases of implementation and compare how institutional
logics, organizational cultures, or policy mandates influence the balance between
augmentation and automation.
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