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Abstract

Al chatbots have emerged as transformative tools in knowledge-intensive work environments. While
existing research largely focuses on Al chatbots as interactive agents in customer service or their
capability to replace human labor, fewer studies have examined their adoption from the perspective of
knowledge workers. Literature has explored users' intention to adopt Al chatbots using Unified Theory of
Acceptance and Use of Technology (UTAUT), yielding contradictory results. In this paper, we extend
UTAUT by introducing new factors not previously addressed in the literature. Our results support existing
empirical evidence and confirm that core UTAUT constructs, excluding performance expectancy, do not
influence attitudes toward use, while further demonstrating that they positively impact users' attitudes
toward innovating with AI, which emerges as a new antecedent to intention to use. Furthermore, our
findings highlight the role of critical thinking as a counterbalance to the perceived risks of using Al
chatbots, an aspect that literature suggests can undermine intention to use. Finally, we explore task
characteristics, identifying teamwork as positively influencing both attitudes toward innovating and
intention to use. These findings indicate that chatbot adoption among knowledge workers is more
complex than depicted by UTAUT and is shaped by both personal perceptions and the broader work
environment. Our work provides practical insights for organizations aiming to integrate Al chatbots into
professional settings, as well as theoretical implications. Limitations include the narrow variety of
domains addressed.

Categories: Ethical and Social Implications, AI applications
Keywords: working with ai, chatbot adoption, knowledge workers, utaut, pls

Introduction

The development of Artificial Intelligence (AI) has seen chatbots as one of the most significant recent
advancements [1,2]. Chatbots generate coherent and contextually relevant responses based on user
inputs. Chatbots leverage Large Language Models (LLMs), Al models designed for data generation, unlike
traditional AI models, focused on prediction and classification [3]. AI chatbots use cognitive frameworks
providing valuable answers to users’ queries [1]. Chatbots assist in knowledge manipulation and are
increasingly adopted by businesses, suggesting transformative implications for work environments [2,4,5].
While various studies have explored the factors influencing user adoption of Al chatbots [6,7], empirical
research remains limited and often focused on specific areas [8].

Research primarily examines Al chatbots as interactive agents in customer interactions, assessing their
ability to alleviate or replace human labor [9,10] and the perception of chatbots as anthropomorphic or
capable substitutes for human roles [2,6,11-13]. However, empirical evidence on the use of generative Al
shows that interactive usage with human actors is more prevalent than automation application [14].
Additionally, studies have explored some factors influencing user perception and intention to use
chatbots [15-17], but research on contextual factors related to the perception of the technological artifact
remains underexplored [6]. Finally, while the literature acknowledges Al chatbots for their ability to assist
in knowledge-intensive tasks [16,18-21], there has been less focus on human-AI interaction in knowledge
generation.

This paper aims to fill these gaps by viewing chatbots as tools for text manipulation, not just as interactive
agents. Our focus shifts to knowledge workers, i.e. individuals collaborating with Al in knowledge-related
tasks. Instead of studying people’s perceptions when Al replaces workers, we focus on knowledge workers
working with AI. We will analyze user traits and task characteristics to understand contextual factors
affecting chatbot usage intentions. We specifically target knowledge workers engaged in complex tasks
prioritizing problem-solving and critical thinking [22]. While some initial research exists on knowledge
workers using chatbots [23], overall empirical research is still nascent [8].
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Our study integrates the Unified Theory of Acceptance and Use of Technology (UTAUT) with new
constructs to explore user attitudes towards chatbot usage. Data from knowledge workers across various
domains will be analyzed using Partial Least Squares/Structural Equation Modelling (PLS-SEM), focusing
on the widely recognized ChatGPT as our artifact. The paper is driven by the following research questions:

RQ1: What factors influence knowledge workers' intention to use Al chatbots?

RQ2: How the individual, organizational, and task context impact knowledge workers' intention to use Al
chatbots?

Conceptual framing

In this paper, we focus on Al chatbots as knowledge technology and explore factors affecting knowledge

workers' intention to use such tools in their tasks. To this end, our work is conceptually framed around the
exploration of Al chatbots as the focal artefact and users' perceptions in their interaction with Al chatbots.
The relevant literature on these two aspects will be presented and discussed in the following sub-sections.

Al Chatbots

Al chatbots represent a significant achievement in Al [2], possessing substantial transformative potential
for workers and organizations [24]. With a history spanning several decades that traces back to the early
days of statistical natural language processing [21], chatbots have evolved considerably. In the past, they
were rule-based and exhibited limited capabilities [25]. Today, advanced machine-learning

algorithms have enhanced their ability to understand and generate natural language, allowing for
engaging conversational interactions with users [26]. Machine learning has enabled chatbots to learn from
data and enhance their responses over time [3,15,27]. Modern Al chatbots are sophisticated tools that can
simulate conversations with humans through text or voice interactions. They have found many uses in
communication, automation, and customer support [28]. Many hi-tech companies have developed their
LLMs for years, employing various approaches and target features. Drawing a state-of-the-art comparison
is challenging, as evolution is vigorous, with new and improved chatbots frequently released. GPT-3, from
OpenAl, is widely regarded as the first LLM to demonstrate emergent abilities not present in previous
models. GPT-4, 40, 01, and 03 are the most recent versions of the model released by OpenAl. Anthropic
developed Claude, targeting the creation of safer models with minimum human intervention during the
training phase [29]. LLaMA is an entirely open-source collection of foundational language models released
by Meta. Despite the smaller size of its models compared to the GPT family, LLaMA has shown state-of-
the-art performance on various benchmarks [30]. Google developed the Pathways Language Model
architecture, paying particular attention to the results achieved using few-shot learning techniques [31]
and being the first to implement a continuous training approach [32].

Al chatbots offer various capabilities, and promise several advantages. However, their use is not without
risks. Al technology raises concerns due to its significant transformative implications [2] and its rapid
development [33]. Many individuals perceive Al as possessing an independent identity, prompting
questions about autonomy and decision-making [34-36], with some considering Al as a threat to
employment opportunities for administrative and knowledge-based workers [37]. Since perception
influences the intention to use and actual usage, it is crucial to explore users' perceptions of Al chatbots
and their intentions to use them. Furthermore, Al systems generate outputs based on extensive datasets
and stochastic methods, rendering their results not always easily explainable [37] or accurate [3].

Users' Perception of AI Chatbots

Exploring users' perceptions is a well-established research approach in the IS literature to understand
users' intentions to adopt specific technologies. IS literature already explored users' perception of Al
chatbots and encourage further empirical and theoretical investigations [8,28]. A significant portion of the
IS literature examines Al chatbot as interactive agents [28,38] and investigates how the perception of the
presumed anthropomorphic traits of chatbots influences users' intentions to adopt the chatbot during a
particular interaction. The types of interactions most frequently studied pertain to customers receiving
recommendations or engaging with automated online services [9,16,28,38-40]. Less commonly, literature
examines interactions in decision-making [10] and in learning and education [28].

A significant area of focus in the literature pertains to the anthropomorphic perception of the targeted
user and its consequent impact on their intended or actual behavior. The literature clarifies that behavior
changes when users believe they are interacting with an Al chatbot rather than a human [10,16,40]. The
perception also alters when the interaction involves a combination of human and Al chatbot agents
operating behind a single interface [39], or when users recognize that their interaction is occurring with a
chatbot instead of a human [41]. The anthropomorphism of AI chatbots is a recurring theme in this area of
literature even in studies that do not specifically focus on this aspect, but examine how the perception of
certain human traits, such as verbal and non-verbal emotional expressions [10], empathy, or curiosity [42],
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as well as variable responses [15], impact users' behavior.

Other studies have explored the potential roles of Al chatbots, emphasizing their features as knowledge
and automation technologies [38], support technologies for decision-making [10], and tools for learning
[28]. In the academic realm, investigations focus on the role chatbots might play in research peer review
[24], the ethics surrounding their use [43], and their effectiveness in education [44]. A few studies mention
the knowledge aspects related to chatbots, which, due to the underlying LLM technology, can capture
expert knowledge and generate insights that mimic experts [16]. Complementing this perspective, several
sources recognize the capability of chatbots to function as collaborative entities with which users can
engage in the process of creating knowledge content [43] or to operate similarly to a co-worker [38].

Research Gap

The current literature examining Al chatbot adoption has revealed substantial theoretical insights into
the factors influencing both the intention to use and the actual usage of chatbots. Simultaneously, it is
evident that there are gaps in the research concerning Al chatbots.

Firstly, current literature on Al chatbots strongly emphasizes the exploration of the perceived human
characteristics of chatbots and their implications for users' behavioral intentions or actual usage in
settings in which Al replaces or sides humans [2,38]. Although this research has faced criticism for
yielding inconsistent findings, particularly regarding the emotional dimension of Al chatbot usage [10], it
has also clearly established that users' perceptions significantly affect their behavioral intentions and
actual usage and that this perception can be influenced by multiple factors [39]. However, insufficient
attention has been directed towards users' perceptions of chatbots as tools for knowledge generation
activities.

Secondly, while examining users' perceptions of Al chatbots as interactive agents, the literature has
primarily concentrated on factors such as demographics, motivations, social influence, and technological
benefits to investigate usage intentions [28]. However, minimal attention has been given to examining
contextual factors, particularly concerning the knowledge task and its characteristics. Ultimately,
although chatbots can be employed in knowledge-related activities, there has been limited research that
investigates this particular context and examines knowledge workers' perceptions of collaborative
interaction with Al chatbots.

Researchers consistently utilized established theoretical frameworks such as the UTAUT/UTAUT2 [45] and
technology acceptance model [46] to analyze Al chatbots, complementing these models with new
constructs and hypotheses [47,48]. Empirical research on interactions with Al chatbots remains nascent
[8], and the literature continues to seek alternative theoretical explanations for usage intention [28].

Theoretical framing

In this paper, we contribute to the IS literature by exploring new factors that explain knowledge workers
intention to use chatbots for their knowledge tasks. To achieve this, we begin with UTAUT, an established
theoretical framework in IS that is frequently used to explore users' perceptions of technology.

The UTAUT was developed in 2003 by Venkatesh et al. [49] and updated in 2012, aiming to measure the
likelihood of success for new technologies and to understand the factors influencing acceptance. Drawing
upon several pre-existing theories, such as the Theory of Reasoned Action, the Theory of Planned Behavior,
and the Technology Acceptance Model, UTAUT amalgamates their perspectives [50]. Regarding acceptance
models, the technology acceptance model, initially proposed in 1989 by Fred Davis [51], emphasizes
perceived ease of use and perceived usefulness as primary determinants of user acceptance. However, as
technological landscapes evolve, UTAUT provides a more comprehensive perspective by integrating
factors such as Performance Expectancy (PE), Effort Expectancy (EE), Social Influence (SN), and
Facilitating Conditions (FC). By doing so, UTAUT offers a holistic framework for understanding technology
acceptance and usage.

UTAUT has already been employed to study emerging Al tools, such as chatbots [6], virtual assistants [52],
recommender systems [53], and predictive analytics tools [54]. Additionally, it has been utilized to explore
the impact of AI technologies on early adopters [55,56]. Literature returns contradicting results, with
empirical analysis confirming the validity of the UTAUT framework, or indicating lack of support for key

factors [8,57].

UTAUT is based on four key constructs: PE, EE, SN, and FC. These constructs provide a framework for
understanding technology adoption by emphasizing the technological and organizational factors that
affect user behavior. In this work, we enhance this theoretical framework with new concepts to offer a
more comprehensive perspective on knowledge workers': Critical Thinking (CRI), Team Working (TWO),
Perceived Risk (PRI), Type of Task (TT), Level of Interaction (LI), and Attitude Towards Innovating (AU).
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Critical Thinking (CRI)

CRI involves a critical understanding, evaluation, and interpretation of information. This trait is essential
for knowledge workers. Some studies have explored how chatbots influence users' CRI, especially in
academic knowledge work [58]. However, literature has not explored CRI as a precursor to users'
behavioral intention to use Al chatbots. Al chatbots, based on LLM technologies, are notorious for
producing inaccurate and contextually irrelevant content in response to the inputs provided [8].
Specifically, GPTs are not known for their veracity [20]. Indeed, they are notorious for phenomena such as
hallucination, which leads them to generate false information [59]. The same technology producers
acknowledge that it "'may be inaccurate, untruthful, and otherwise misleading at times" [3] and continually
work in improving their products. Untrustworthiness of contents produced has already been found
associated with reduced intention to use [60-62]. Given that end users have limited possibilities of
ensuring the veracity and truthfulness of Al chatbots, they must rely on their ability to critically interpret
the outputs produced. Therefore, we include this construct in our model to assess whether the practice of
evaluating the credibility and accuracy of the output obtained from a chatbot can influence behavioral
intention.

Hé6a: Users' Critical Thinking positively impacts the Behavioral Intention to use Al chatbots.
Attitude Towards Innovation (AU)

Chatbots are the last recent innovation in Al [2]. In many fields, including that of knowledge work, the use
of Al chatbots is considered an innovation. AU with Al chatbots may impact the intention to use Al
chatbots. For instance, users' attitudes within other forms of innovation in the organization positively
impact the behavioral intention to use Al-integrated CRM in organizations [12]. In general, individuals'
attitudes toward an object have been recognized as a direct antecedent of their behavioral intention to use
[63]. Furthermore, attitudes toward Al predict the intention to use the technology [64]. Considering that
interaction with Al chatbots is individual, we expect the personal innovativeness traits of the adopting
individual to impact adoption [16]. Consequently, this work includes AU to explore knowledge workers'
individual predisposition to adopt an innovative technology and its impact on knowledge workers'
behavioral intention to use Al chatbots.

H5: The users’ Attitude Toward Innovating organizations with AI chatbots positively impacts their Behavioral
Intention to use AI Chatbots.

Team Working (TWO)

The literature acknowledges that Al chatbots possess significant transformative potential for individuals
and organizations [2,24]. For instance, in the context of teamwork, Susa [65], a conversational agent, was
employed to facilitate teamwork and collaborative practices. Additionally, the authors provide new
insights into the acceptability and usability of conversational agents in promoting teamwork and
collaborative practices in the workplace. However, the literature exploring Al chatbots focuses on
individual interactions with the technology [39]. Few studies explore if team dynamics impact intention to
use. We hypothesize that, in the context of knowledge workers, interactions among team members may
influence the intention to use Al chatbots or attitudes towards adopting these innovations in their work.

H7a: Team Working positively impacts the Behavioral Intention to use AI Chatbots.
H7b: Team Working impacts the Attitude Towards Innovating of users.
Perceived Risk (PRI)

PRI refers to the anticipation of potential issues arising from the introduction of technology or methods.
Research demonstrates how PRI adversely affects intention to use [66]. As previously mentioned, the
literature expresses concern about the risks associated with the use of Al chatbots [21,20] and the fact that
users might not be aware of these risks [3]. Indeed Al chatbots are trained with specific types of data (such
as social media and other sources) yet applied across various purposes and domains (e.g. research, law,
consultancy) introduces significant risks regarding the use of this technology in knowledge activities [21],
particularly when they serve as assistants in knowledge creation [20]. Some sources also suggest that the
perception of Al chatbots as untrustworthy may discourage knowledge workers from adopting them [8,60-
62]. Risks such as privacy concerns, veracity of information produced, and fear of misinformation are
frequently cited by the literature [3,8,20].

H8a: Perceived Risk negatively impacts the Behavioral Intention to use AI Chatbots.

H8b: Perceived Risk negatively impacts the Attitude Towards Innovating of users .
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Instead, we believe that the ability to critically evaluate the output of Al chatbots, as assessed by CRI, may
positively influence the awareness of risks associated with AI chatbot usage among knowledge workers.

Hé6b: Critical Thinking positively impacts the Perceived Risk of users.
Type of Task (TT)

Al chatbots can serve various knowledge tasks as a form of knowledge manipulation technology [20,21].
However, the existing literature has not investigated the impact of task type on users' intention to utilize
Al chatbots. With the TT, we aim to measure the nature of the activities performed by knowledge workers.
This factor is assessed through a series of questions that explore the types and characteristics of the
activities described. Considering that Al chatbots can be used both to automate and augment tasks [38],
and taking into account the role that routine and research play in organizational activities as noted in the
organization studies literature [67], we seek to determine whether the activity is routine, involves
research, or requires creativity. The goal is to understand the level of complexity and variety in activities
that influence the use of Al chatbots.

H9a: Type of Task positively impacts the Level of Interaction among users.

We also hypothesize that activities requiring a high level of creativity and group interaction will foster
teamwork, stimulating collaboration and idea exchange among team members.

HO9b: Type of Task positively impacts the Team Working through users.
Level of Interaction (LI)

This construct refers to the degree of interaction that an individual has with others during knowledge
tasks, assessed across various levels. We conceptualize knowledge workers as not working in isolation but
engaging collaboratively within teams. Consequently, we incorporate different types of interactions
among tasks and knowledge workers into our model. We reference a typology of interaction activities well
recognized in organizational studies literature [68], which distinguishes between sequential,
aggregational, and group activities, to which we also add the individual dimension. The aim is to evaluate
how the type of interaction a knowledge worker has with other knowledge workers during task execution
can influence teamwork and, consequently, the adoption and use of Al chatbots by those workers, thereby
indirectly affecting the behavioral intention to use them.

H10: Level of Interaction positively impacts the Team Working through users .
Research Model

The previously described constructs complement the established constructs of the UTAUT model: PE, EE,
SN, and FC.

PE and EE represent users' expectations regarding how technology will enhance their job performance and
the ease of its use. The functionality of Al chatbots has been found to correlate with usage [28]. In line
with this, we hypothesize that the PE associated with using Al chatbots influences the intention to use the
chatbot and adopt innovation.

H1a: Performance Expectancy positively impacts the Behavioral Intention to use AI Chatbots
H1b: Performance Expectancy positively impacts the Attitude Towards Innovating of users.

EE pertains to the perceived ease of using new technology. The literature does not consistently
demonstrate a positive effect of EE on the intention to use [57,69]. Consequently, we hypothesize that EE
affects the intention to use chatbots and the individual AU.

SN refers to the impact of others on an individual's adoption of a specific technology [49]. In general, users
are inclined to conform to social group norms when deciding on the use of AI [70,71]. However, previous
studies on Al chatbots suggest that SI can have both positive and negative effects on users' intention to

use the technology. Hence, we hypothesize that SN has an impact on the intention to use Al chatbots and
in the attitude towards adopting these innovations.

H3a: Social Influence positively impacts the Behavioral Intention to use Al chatbots.

H3b: Social Influence positively impacts the Attitude Towards Innovating of users.
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Finally, we include FC to assess the impact of a potentially existing organizational or technical
infrastructure - including technical resources and skills - to support knowledge workers in using
technology on their intention to use Al chatbots.

H4: Facilitating Conditions positively impact the use behavior to use AI Chatbots.

Our final research model, shown in Figure I, includes the organizational context (through SN and FC), the
individual context (through PRI, AU, and CRI), and the task context (through TWO, LI, and TT). Even
though not visualized in Figure I, our model includes gender, age, and experience as moderators from the
original UTAUT model. We added the domain to measure the potential impact of our knowledge workers'
different professional sectors. We also dropped voluntariness - another original UTAUT model moderator -
since our data collection took place in trials in which users were asked to use the technology.

TYPE OF LEVEL OF
TASK —H9a™ INTERACTION
PERCEIVED ATTITUDE

=% | — , L l L
RISK HS) TOWARDS I
INNOVATION
II 10
+
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FIGURE 1: Research model and hypotheses

Adapted from Venkatesh et al. [49].

The white rectangles represent the constructs already present in the Unified Theory of Acceptance and Use of
Technology model, while the light green rectangles are the new constructs we added for this study.

Materials And Methods

In this paper, we use PLS-SEM to analyze the determinants of knowledge workers' behavioral intention to
use Al chatbots. The data were analyzed using SmartPLS 4. Analysis was conducted with the standard PLS-
SEM algorithm, yielding standardized results.

Research design

Data Collection

This study involved 320 participants: 132 females (41%) and 188 males (59%), aged between 19 and 50
years. The dataset used in this study was created from scratch between March 2024 and June 2024, tailored
to meet the specific requirements of the proposed research framework. All participants are knowledge
workers engaged in knowledge-intensive, problem-solving, and creative activities across three different
domains. The subjects recruited for the analysis came from these domains: i) public sector, specifically the
Italian judiciary system (60 participants); ii) digital content production and web design (77 participants);
and iii) public education sector, which includes students and doctoral candidates in management (183
participants). All groups share a basic understanding and use of Al chatbots, particularly ChatGPT,
without requiring advanced technical computer skills. Participants were recruited during seminars on Al
specifically focusing on the usage of Al chatbots and prompt engineering techniques. Briefed on data
confidentiality and the research objectives, participants contributed as anonymous voluntary informants
for data collection, ensuring their informed consent. Table / summarizes the composition of our sample.
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Demographics Frequencies (M-F) Percentage (M-F)
Male 188 59%
Gender
Female 132 41%
19-22 126 (70-56) 39% (56-44%)
Age 23-26 119 (72-47) 37% (60-40%)
27+ 75 (46-29) 24% (61-39%)
Public sector - Italian judiciary system 60 (34-26) 19% (57-43%)
Domain Digital content production and web design 77 (37-44) 24% (48-52%)
Public education - Management field 183 (117-66) 57% (64—36%)

TABLE 1: Sample composition

Questionnaire

To collect data, we used an online survey structured in five sections, administered on the JotForm
platform:

Section 1: Providing a brief overview of the Chatbot AI under investigation, emphasizing its
functionalities and capabilities with examples of prompts to accomplish various tasks.

Section 2: It compiled demographic data from participants, including gender, age, email, and working
domain. The domain information has been utilized to introduce the new moderating factor, Domain
(DOM). To ensure the reliability of the data, this section included two qualifying questions (EXP1, EXP2).
These questions aimed to determine participants' familiarity with AI chatbots (Yes or No), such as
ChatGPT, and how often they used them (Never; Sometimes; Often; Every Day). Table 2 summarizes the
results of the aforementioned qualifying questions.

Qualifying questions Answer Frequencies (M-F) Percentage (M-F)
Yes 309 (182-127) 97% (57-43%)
EXP1 - Do you know any Al chatbots (such as ChatGPT)?
No 11 (6-5) 3% (55-45%)
Never 38 (19-19) 12% (50-50%)
Sometimes 180 (105-75) 56% (58—42%)
EXP2 - How often do you use Al chatbot (such as ChatGPT)?
Often 92 (56-36) 29% (61-39%)
Every day 9 (7-2) 3% (78-22%)

TABLE 2: Qualifying questions

Section 3: In this section, participants were required to provide a qualitative description of the primary
activities undertaken with an Al chatbot in their knowledge work. The qualitative data collected in this
section were manually categorized in (1) text generation, (2) information extraction, and (3) code
generation. These categories were coded in three formative 0-1 dummy indicators (TASK1, TASK2, TASK3)
for the new formative construct referred to as Type of Task. Section 3 also outlined the characteristics of
activities conducted with the aid of an Al chatbot, which are indicated by three indicators (USE1, USE2,
USE?3) of the formative construct Use Behavior (USE). A final question examined the Level of Interaction
involved in the activities performed. The responses to this last question, which offered three possible
options-individual, sequential, and group-have been disaggregated into three 0-1 dummy indicators (LI1,
LI2, LI3) for the new formative construct known as Level of Interaction. In the analysis, the first indicator
L1, corresponding to individual response, has been excluded, serving as the reference category to explain
the effects of the others.
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Reflective latent construct
Performance Expectancy (PE)
Effort Expectancy (EE)

Social Influence (SN)

Facilitating Conditions (FC)
Attitude Towards Innovating (AU)
Critical Thinking (CRI)

Team Working (TWO)

Perceived Risk (PRI)

Behavioral Intention (BI)

Section 4: participants are tasked with responding to a series of questions pertaining to the presented
topic. A total of 48 questions are included, all requiring evaluation on a LIKERT scale ranging from 1 to 5,
where represents Strongly disagree and represents Strongly agree. These questions are presented in
varying formats and are randomized for each participant in the study

Results And Discussion

In this section, we analyze our measurement and structural models. We outline the evaluation criteria
employed to assess the effectiveness of our research model, providing insights into how well it captures
the relationships between constructs. Additionally, we present the outcomes of these analyzes, offering a
clear perspective on our model's performance in explaining the phenomena under investigation.

Measurement (inner) model

Reflective Construct

When assessing the measurement model, following what suggested by Hair and Alamer [72], our analysis
began with an examination of the reflective construct, starting from the outer loadings to gauge the
validity of individual indicators against specific criteria:

(1) we utilized a validity threshold of 0.708, as recommended by the literature [73];

(2) for indicators falling below 0.708 but above 0.400, we evaluated the resulting increase in Average
Variance Extracted (AVE) after their removal [72].

In Table 5 are reported all significant indicators from our study: it is worth noting that each one’s outer
loading falls within the range of 0.701 to 0.909.

a CR(pa—Pc) AVE Items Outer loadings

0.804 0.827-0.884 0.717 PE1, PE2, PE3 0.887, 0.818, 0.834

0.751 0.754-0.842 0.573 EE1, EE2, EE3, EE4 0.755, 0.733, 0.808, 0.728
0.710 0.738-0.872  0.773 SN3, SN4 0.909, 0.848

0.767 0.786-0.864 0.680 FC1, FC2, FC3 0.769, 0.872, 0.829

0.851 0.857-0.899  0.691 AU1, AU2, AU3, AU4 0.820, 0.792, 0.836, 0.875
0.643 0.695-0.801 0.575 CRI3, CRI4, CRI5 0.843, 0.701, 0.721

0.792 0.793-0.857 0.545 TWO1, TWO2, TWO3, TWO4, TWO6 0.735, 0.750, 0.741, 0.733, 0.731

0.725 0.760-0.840  0.637 PRI1, PRI5, PRI6 0.809, 0.833, 0.750

0.694 0.696-0.830 0.620 BI1, BI2, BI3 0.823, 0.773, 0.766

TABLE 3: Summary of construct reliability and validity measures

AVE, Average Variance Extracted; CR, Composite Reliability

We analyze the internal consistency reliability of the construct. This evaluation utilizes Cronbach's alpha
(a) and Composite Reliability (CR), both pa and pc. A threshold of 0.70 for each measure is widely accepted
and commonly applied in PLS-SEM research. For Cronbach's alpha, acceptable values must be greater than
0.60 but below 0.95 [72].

The AVE measures the extent to which items of a specific construct positively correlate and share a
notable degree of variance. A general guideline suggests that values of 0.50 or higher indicate convergent
validity of the construct. Mathematically, a value of 0.50 implies that the mean factor loadings of the
items are 0.708 or greater, thereby affirming a significant relationship between the variances of the items
and their underlying construct [73]. In our study, all items satisfy the thresholds of a, CR, and AVE. Just
one indicator (CRI4) shows a loading level slightly lower compared to the threshold (0.701 vs 0.708) that
we decided to retain given the overall values of all the metrics in Table 3.

The final step involves assessing discriminant validity using the Hetero Trait-Mono Trait ratio. This metric
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evaluates how distinct the construct is from others in the study conceptually. A conservative threshold of
<0.85 can be applied, while a more lenient upper limit of 0.90 is also acceptable [72]. In our study, all
Hetero Trait-Mono Trait values fall below 0.85, except for the correlation between Behavioral Intention
(BI) and AU, which slightly exceeds the threshold at 0.869.

Formative Construct

Once the analysis of reflective constructs is completed, Hair and Alamer [72] suggests proceeding with the
evaluation of formative constructs. We explored Collinearity, with the recommended metric being the
Variance Inflation Factor (VIF). According to Diamantopoulos and Siguaw [74], VIF values of 5 or higher
suggest significant collinearity issues among the predictor constructs, while values below 3 indicate no
collinearity. Values between 5 and 3 may be considered acceptable with theoretical justification. In our
study, all VIF values range from 1.047 to 1.933, confirming the absence of collinearity among the predictor
constructs. The second evaluation pertains to the robustness of the observed variables in contributing to
and forming the construct, following two criteria:

(1) analyzing the outer weights of the indicators in the formative construct by using the p-value, which
must be <0.05 [72];

(2) evaluating the external loadings of indicators as supplementary confirmation, referencing the
threshold discussed in the previous sub-section.

In our case, all indicators in the formative construct (TT, LI, and USE) have p < 0.05, indicating their
significance, although not all outer loadings exceed 0.400. The results of the VIF and outer loading are

detailed in Table 4.
Formative latent construct Item VIF Outer weights (p-value)
Type of Task (TT) TASK1, TASK2, TASK3 1.047, 1.025, 1.072 0.568 (0.005), 0.690 (0.000), 0.707 (0.013)
Level of Interaction (LI) LI, LI2 1.396, 1.390 1.079 (0.000), 0.983 (0.000)
Use Behavior (USE) USE1, USE2, USE3 1.562, 1.933, 1.670 0.480 (0.000), 0.379 (0.000), 0.331 (0.000)

TABLE 4: VIF and outer weights for formative constructs

VIF, Variance Inflation Factor

Structured (inner) model

Concerning the structural component of the model (structural or inner model), Hair and Alamer [72]
recommend following several steps during this phase. Firstly, the assessment of collinearity is crucial to
ensure there is no significant correlation among the constructs. Applying the same criteria used for
formative variables, all constructs in our case exhibit VIF values ranging from 1.000 to 2.544, confirming
the absence of collinearity. Moving on to path coefficients (B), these illustrate the magnitude and
direction of the effect between constructs. Ranges from 0 to 0.10 indicate weak effects, from 0.10 to 0.30
indicate modest effects, from 0.30 to 0.50 indicate moderate effects, and values exceeding 0.50 represent
strong effects.

Subsequently, we assessed the significance of the path coefficients using p-values. Since SmartPLS does
not directly provide p-values, we executed a bootstrap routine with 10,000 iterations using the bias-
corrected and accelerated bootstrap as the confidence interval method. This approach was chosen based
on prior research [75,76]. Additionally, we opted for the one-tailed option as the test type, aligning with
our a priori assumptions regarding the signs of path coefficients. This decision reflects our intent to
analyze specific and directed effects between latent constructs [77]. The significance level was set at
0.050.

After assessing the path coefficients, the next step involves evaluating the coefficient of determination
(R?) value. Values between 0 and 0.10, 0.11 and 0.30, 0.30 and 0.50, and above 0.50 indicate, respectively,
weak, modest, moderate, and strong explanatory power. No specific bounds for R? exist; its interpretation
depends on the context.

Lastly, predictive power is essential, as R? does not assess out-of-sample predictive capability. We used the
PLS predict procedure, employing k-fold cross-validation, for this purpose. Shmueli et al. [78] recommend
splitting the sample into 10 subgroups (i.e., k = 10) to ensure accuracy. Comparing the root mean squared
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error results of predictions against the actual observations (PLS-SEM) and the naive linear regression
model provides insights into predictive power. In our case, most indicators display a greater prediction
error in root mean squared error than the naive linear regression model benchmark, indicating low
predictive power.

Model Fit

To assess model fit, key metrics include the standardized root mean residual, which ideally should not
exceed 0.080 [79], and the normed fit index, which should be above 0.90. In our study, the standardized
root mean residual is 0.065, and the normed fit index is 0.684. However, as recommended by Alamer [80],
researchers should prioritize establishing the predictive validity of the structural model over theory
testing. Therefore, model fit results are highly dependent on the context, and metrics cannot be assessed
individual.

Analysis and discussion

Figure 2 illustrates the results of the structural model, including the legend. The constructs, represented
by circles, are shown in dark blue if they belong to the UTAUT model and in pale blue if we introduce them.
The diagram emphasises the relationships between the latent variables, displaying path coefficients (B)
and their significance levels (p-values) in parentheses, with asterisks denoting the significance levels.
Thicker arrows indicate significant hypothesis, while R? values are indicated within the constructs.
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FIGURE 2: Structural model results with verified hypotheses

Findings

To assess the significance and validity of the results, we adhered to the following criteria:

(1) Path coefficient B > 0.20 to demonstrate its significance [81];
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(2) P-value should be smaller than 0.05 and T-value should be greater than 1.96 [81];

(3) Cohen's f2 should be assessed with reference to three different thresholds: >0.02 for a small effect,
>0.15 for a medium effect, and >0.35 for a large effect [32].

We will present the findings focusing on the four contexts included in our model: task, individual,
technological, and organizational. Table 5 summarizes all the hypotheses, with their significance level,
coefficient, and effect size.

The task context aimed to analyze the extent to which the task characteristics influenced the individual
context and the BI to use. In this regard, the TT demonstrates a significant positive influence on both

constructs' LI (B = 0.304, p < 0.001) and TWO (8 = 0.302, p < 0.05). Although small, f2 confirms that the
effect is real in both cases.
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Hypotheses B p-values 12 (effect size)

Direct Effect

H1a. PE positively impacts the Bl to use Al Chatbots 0.267 0.000**** 0.077 (small)
H1b. PE positively impacts the AU of users 0.505 0.000**** 0.329 (medium)
H2a. EE positively impacts the Bl to use Al Chatbots 0.052 0.137 0.005

H2b. EE positively impacts the AU of users 0.070 0.069* 0.010 (small)
H3a. SN positively impacts the Bl to use Al chatbots 0.019 0.367 0.000

H3b. SN positively impacts the AU of users 0.097 0.028* 0.015 (medium)
H4. FC positively impact the USE of Al Chatbots -0.089 0.037* 0.010 (small)
H5: The AU has a positive impact on the Bl to use Al Chatbots 0.402 0.000**** 0.213 (medium)
H6a. CRI positively impacts the Bl to use Al Chatbots -0.026 0.294 0.001

H6b. CRI positively impacts the PRI of users -0.224 0.000**** 0.053 (small)
H7a. TWO positively impacts the Bl to use Al Chatbots 0.149 0.003*** 0.033 (small)
H7b. TWO positively impacts the AU of users 0.180 0.001*** 0.045 (small)
H8a. PRI negatively impacts the Bl to use Al Chatbots -0.089 0.044** 0.077 (small)
H8b. PRI negatively impacts the AU of users -0.035 0.239 0.002

H9a. TT positively impacts the LI among tasks 0.307 0.000**** 0.105 (small)
H9b. TT positively impacts TWO 0.302 0.049** 0.020 (small)
H10. LI positively impacts TWO -0.100 0.310 0.001

H11. Bl positively impacts USE of Al Chatbot 0.027 0.281 0.002

Moderating Effect

AGE* SN—AU -0.069 0.059 0.008
Moderating Effect of AGE

AGE*TWO—BI 0.112 0.020 ** 0.021 (small)

DOM*TWO—AU 0.079 0.029 ** 0.085 (small)
Moderating Effect of DOMAIN

DOM*LI-TWO 0.171 0.068 0.008

EXP*FC—USE -0.021 0.401 0.000
Moderating Effect of EXPERIENCE

EXP*CRI—-BI -0.026 0.292 0.001

TABLE 5: Direct effect and moderating effect (significant effects in bold)

AU, Attitude Towards Innovating; Bl, Behavioral Intention; CRI, Critical Thinking; EE, Effort Expectancy; FC, Facilitating Conditions; LI, Level of Interaction; PE,
Performance Expectancy; PRI, Perceived Risk; SN, Social Influence; TT, Type of Task; TWO, Team Working; USE, Use Behavior

The effect of LI on TWO is not significant. TWO demonstrates two positive and significant effects on AU (8
=0.180, p < 0.001) and BI ( = 0.159, p < 0.05), both of which are positive. In each case, the p-values, T-

values, and f2 values are consistent with a significant, albeit small, effect.

The individual context aimed to analyze to what extent the personal perceptions and characteristics of the
user would influence the user behavior of Al chatbots. Concerning this context, PRI has a small and
negative significant impact on the BI constructs (8 = -0.097, p < 0.05), indicating that the increased
perception of the risk associated with Al chatbots usage reduces the intention to use them.

Similarly, CRI shows a significant, negative, and small effect on PRI (8 =-0.224, p < 0.001), in contrast with
our hypothesis, showing that increased capability of critically evaluating results produced by Al chatbots
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reduces the perception of the risk of using them.

The effects of PRI on AU and CRI on BI are not significant, suggesting that the AU is independent of the
perception of the risk associated with Al chatbots, and CRI does not influence the decision to adopt Al
chatbots. However, the impact of AU is significant, demonstrating a strong relationship and a medium

effect (B = 0.402, p < 0.000, f2=0.213).

The technological context aimed to analyze the extent to which the performance of Al chatbots and the
effort required for their use would impact the intention to use them. In this regard, PE has shown the
strongest positive influences, exhibiting a moderate positive relationship with AU, with a medium effect

size (B = 0.505, p < 0.001, 2 = 0.329). PE also displays a moderate significant impact on BI, with a small
effect size (B = 0.253, p < 0.001, f2 = 0.077).

Finally, the organizational context assessed the influence of context-related social factors and FC on the
intention to use. Regarding this aspect, the impact of SN is slightly positive and significant on AU with a

small effect size (8 = 0.097, p < 0.05, 2 = 0.015). In contrast, the effect on BI is non-significant. Together,
these two factors suggest that SN affects the individual context concerning attitudes towards innovation
but does not impact the intention to use.

Furthermore, FC displays a negative impact (8 =-0.089, p < 0.05) on USE, with a small effect size. The
relationship FC—USE also shows a T-value slightly below the threshold of 1.96 (TFC—USE = 1.789). In this
case, since the p-value is significant, the discrepancy can be attributed to a slight difference on how these
values are calculated (e.g. bootstrapping method in SmartPLS).

Concerning the moderation factors, results encompass the effect of Domain on TWO—AU (8 = 0.079, p <
0.05), which, while somewhat weak, remains significant, and the effect of Age on TWO—BI (3 =0.112,p <
0.05). Other effects appeared to be less significant, demonstrating relatively low moderating effects.

Concerning the R2, we noticed a relatively low value for the PRI construct, suggesting that CRI accounts
for only a small portion of the variance of PRI. The situation is nearly the same for LI (0.095) and TWO

(0.046). Conversely, the higher RZ values observed for AU (0.531) and BI (0.608) indicate stronger
predictive power within the model. These results suggest that constructs such as PE, PRI, AU, and TWO
collectively contribute to individuals' attitudes towards innovation and subsequent BIs.

Lastly, USE shows a R% = 0.393, this suggests that approximately 39.3% of the variance in usage behavior
in explained by the negative impact of FC and individual's BI.

Discussion

Our analysis reveals mixed results. We can derive several messages and uphold implications for both
research and practice.

The first element of discussion pertains to the role of the dimensions of the UTAUT model on the BI to use
Al chatbots. In our study, we demonstrate that neither EE nor SN were significant in explaining BI. This
contributes to the contradictory situation in the literature, which presents both empirical evidences
supporting the UTAUT model and a lack of support for EE and SN, similar to our results [8,57]. Given this
inconsistency, further research should explore the significance of the relationship between EE and SN with
regard to the BI of using AI chatbots. However, our findings indicate that the PE, EE, and SN constructs of
UTAUT significantly explain users' AU, which subsequently influences the intention to use. These results
are novel and have not previously been examined in the literature. All coefficients for PE, EE, and SN are
positive and demonstrate a medium effect. Notably, the path PE—AU—BI shows a greater effect size in
our findings. We interpret these results as follows: the stronger the perception that Al chatbots facilitate
knowledge work, the greater the perception of their ease of use, and the more substantial the SN
concerning the use of Al chatbots, the stronger the user's AU work with Al chatbots, and consequently, the
greater the intention to use.

The second element of discussion concerns the role of CRI and PRI factors and their effects on BI. Also, in
this case, the factor CRI shows no direct effect on BI, but a negative indirect effect through PRI since the
coefficients are negative in both cases (CRI—PRI and PRI—BI). We read this relationship as follows: the
higher the level of CRI of the knowledge worker, the lower the PRI of using Al chatbots. At the same time,
the higher the PRI of using Al chatbots, the lower the intention to use them. The literature contains
already evidence from quantitative studies [83] and qualitative studies to confirm that the PRI of Al
chatbots can reduce the intention to use. Furthermore, the concern on the literature is on the artefact and
its limit of not always providing correct answers. Given the negative relationship between CRI and PRI,
and PRI and BI, our results indicate that knowledge workers with high levels of CRI may have a heightened
intent to use, even if the output of the AI may remain somewhat untrustworthy. Hence, higher levels of
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CRI can revert the negative path of PRI on BI, which is a path currently not considered by the literature.
However, since the effect is small, further research should investigate the absence of a connection
between CRI and intention to use, as we anticipated, and avoid relying on self-reported measures for
assessing CRI.

An additional point of discussion concerns the exploration of the nature of the task. Our results
demonstrate that TT influences LI and TWO, while TWO affects BI and AU. Although all these effects are
supported, they remain relatively small. With regard to these constructs, we investigated various paths but
identified no effects beyond those we are reporting. The results suggest that, regardless of whether the
nature of the task involves the types of interactions developed among knowledge workers, only teamwork
significantly influences the intention to use and acts as an antecedent for AU.

The influence of teamwork on attitudes towards innovating is substantiated by clear evidence in the
innovation literature [84], particularly concerning knowledge workers using Al chatbots. Our findings also
suggest that the domain moderates this relationship, indicating that team dynamics in different contexts
may impact perceived innovation in various manners. In our model, the domain (DOM) is measured
categorically to reflect the diverse areas from which data was gathered. Based on the value of this variable,
we can assert that in highly bureaucratic domains, such as the Italian judiciary system (DOM = 1), rigid
adherence to formal norms may restrict the extent to which team collaboration encourages openness to
innovation. Conversely, the moderating effect is less restrictive in fields such as Public Education and
Management (DOM = 2), which offer a more balanced approach between norm adherence and creativity,
while still maintaining some level of bureaucratic culture. The most significant moderating effect is
observed in the Digital Content Production and Web Design sector (DOM = 3), where creativity and
innovation are paramount, and normative constraints are minimal. This variation across domains
highlights how sector-specific cultural norms and practices can influence the extent to which TWO fosters
openness to innovation and the intention to pursue it.

Age also emerged as a moderating factor (AGE*TWO—BI) in the relationship between teamwork and BI.
Our results indicate that the impact of teamwork on BI is more pronounced among younger participants
who, as digital natives, are likely more adept at using innovative digital tools such as AI chatbots [85].

In our results, the relationship between BI and actual usage is not supported. While this finding
contradicts the validated UTAUT model, we attribute it to a confounding factor in our data collection
setting, where respondents were required to use the chatbot. Since the training session was part of their
work, participants may have viewed their use of the chatbot as mandatory rather than voluntary. Instead,
we want to emphasize that FC negatively affect actual usage, possessing moderate explanatory power,
which suggests a potential alternative explanation: the organizational context may inhibit knowledge
workers from engaging in actual usage. Future research should directly examine the role of organizational
and institutional contexts on both the intention to use and the actual use of Al chatbots, also exploring
whether this may have a negative feedback effect on the antecedents of intention to use, especially AU.

A final comment addresses the effect size of the hypotheses, which is small for most of them. As indicated
by the literature, such results are anticipated with PLS analysis when working with latent variables, and
remain meaningful in the presence of adequate R?, particularly when studying complex phenomena
186,87].

Theoretical implications

Our results add to the contradicting observations on the validity of UTAUT constructs to explain Al
chatbot usage available in the literature [16,57], raising theoretical implications.

The first implication concerns the role of AU in the UTAUT model as a validated antecedent of BI,
influenced by EE, PE, and SN. This relationship may connect with the use of a recent innovation (Al
chatbot), where the user's attitude towards the innovation drives their intention to use it. These findings
suggest that the relationships among the UTAUT constructs are more complex than initially thought.
Future research should investigate these relationships beyond knowledge work and explore the underlying
mechanisms, which, if validated, could improve our theoretical understanding of Al chatbot usage
intentions.

A second theoretical implication relates to the role of CRI and PRI in the intention to use Al chatbots. The
path CRI-PRI—BI exhibits negative coefficients and moderate explanatory power for PRI. This pathway
has not been previously tested in the literature and could serve as a reconciliation strategy to address
concerns about the risks associated with Al chatbot usage [3,20,21]. Further research should focus on
testing the validity of this path across different samples, including those outside the domain of knowledge
workers.

Expanding on this aspect, given that Al applications may pose significant risks, another implication is to
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theoretically unpack the concept of risk. This involves breaking it down into specific risks, such as biases,
misinformation, or inaccurate information, to better understand the impact on the intention to use and to
test whether the effect of CRI applies uniformly across all risks. Lastly, concerning CRI, our work also
suggests a methodological implication. Since self-reported measures may overestimate CRI [88], future
research should integrate objective measures of CRI into research models, utilizing experimental or quasi-
experimental designs.

Considering the lack of significance of the task characteristics for the intention to use in our results, a
theoretical implication for future research would be to use a different theoretical approach to test whether
the task characteristics influence the intention to use or not, either by developing new constructs or by
leveraging validated constructs such as task technology fit theory.

Finally, considering the negative impact of FC on actual use and the relevance of the domain in at least
one path in our model, we suggest future research to explore the impact of the organizational and
institutional environment, which may constitute a barrier to using Al chatbots.

Practical implications

Our findings offer some practical insights for organizations and knowledge workers.

PE significantly influences BI, illustrating a pathway to boost Al chatbot adoption. Organizations should
prioritize showcasing the tangible benefits of Al chatbots in task facilitation, especially regarding
efficiency and innovation. When knowledge workers perceive these tools as beneficial, they are more
likely to adopt a positive attitude towards Al innovation, increasing their willingness to embrace these
technologies.

A second implication relates to PRI and CRI. While PRI may deter organizations from using Al chatbots,
CRI can help mitigate the risks of untrustworthy results. Organizations should implement comprehensive
risk communication strategies addressing functional risks, like cybersecurity vulnerabilities, and
emotional concerns. Additionally, both organizations and knowledge workers should adopt a critical
perspective toward Al chatbots.

Our findings show that the work environment affects the factors influencing AI chatbot adoption,
especially regarding TW, AU, and BI, and the institutional context's impact on AU, USE, BI, and USE.
Organizations need to recognize that specific contexts, such as a bureaucratic culture in the judicial
domain, may limit knowledge workers' ability to experiment with AI chatbots. Promoting a collaborative
innovation approach may facilitate Al adoption. Furthermore, the role of AGE in the relationship between
TW and BI highlights the necessity for age-sensitive strategies when encouraging Al chatbot adoption,
particularly for older employees who may resist exploring Al innovations.

Lastly, organizations considering AI chatbots should first assess internal dynamics, as knowledge workers
with AU might already be experimenting but may not utilize Al chatbots due to organizational
constraints.

Conclusions

In this paper, we aimed to contribute to the literature exploring the adoption of Al chatbots by extending
the UTAUT with new constructs and hypotheses. Following RQ1, our results indicate that the UTAUT
factors impact BI differently than in the validated model. In particular, only PE shows a supported impact
on BI, while PE, EE, and SN positively influence AU, which serves as a new antecedent to BI. These
findings support and extend similar evidence in the literature. However, further research is necessary to
explore the role of AU in relation to the intention of knowledge workers to use Al chatbots. Regarding
RQ2, the individual context has a more substantial effect on the intention to use, particularly through two
paths, both novel for the literature: PE—-AU—BI and CRI->PRI—BI. In contrast, the organizational
context exhibits a negative impact on USE with moderate explanatory power, while the task context
requires further exploration since only TWO dynamics affect AU and BI. Further research should
investigate these aspects, addressing the various risk factors of Al chatbots or employing different
theoretical frameworks for the task dimension, or seeking greater diversity in the types of task being
analyzed.

We must acknowledge two limitations of this research. First, our data collection represents a cross-
sectional multi-sector observation. With this strategy, strategy compensates for the limitations of a purely
cross-sectional analysis; however, we are still addressing only a few domains. We refrain from
generalizing our results beyond the mid-range created by knowledge workers and the domains we
examined, and further research would be necessary to investigate the identified relationships in different
domains more deeply. A second limitation stems from the characteristics of the sample used in this study.
Data collection took place in the context of seminars on Al and chatbot usage designed specifically for
knowledge workers. This might introduce a potential bias, as participants may have higher expectations
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regarding chatbot performance and perceive lower levels of risk. Future research could address a more
diverse sample of knowledge workers.
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