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ABSTRACT 
The collaboration between humans and voice assistants (VAs) is increasingly relevant in both profes
sional and everyday contexts. However, valid measures to capture users’ behavioral contributions to 
this collaboration are lacking. This study introduces a behavior-based scale to measure collaboration 
intensity—the extent to which users engage effectively and productively with VAs in collaborative 
tasks. Two surveys (N1 ¼ 319; N2 ¼ 321) and Item Response Theory were used to develop and valid
ate a 30-item scale with high reliability (EAP ¼ .79/.88) and good item fit, alongside a 12-item short 
version (EAP ¼ .77). Construct validation showed positive correlations with technology acceptance 
and negative correlations with commitment to informational self-determination. The scale also dem
onstrated predictive validity and an association with extraversion. The Collaboration Intensity Scale 
offers researchers and practitioners a tool to assess and enhance human–VA collaboration by identi
fying behavioral patterns and informing the design of more effective VA features.

1. Introduction

Technologies enabled by artificial intelligence (AI) are 
becoming increasingly prevalent, if not ubiquitous in various 
areas of life, ranging from the workplace to everyday life 
(Terzopoulos & Satratzemi, 2020). In both professional and 
consumer contexts, collaborative intelligence systems (i.e., 
collaborative AI-based technologies) help humans achieve 
their or their organization’s goals and enhance efficiency 
(Epstein, 2015; Henkel et al., 2020; Maedche et al., 2019; 
Wilson & Daugherty, 2018). Examples of such collaborative 
intelligence systems include conversational agents (CAs)— 
systems that simulate interactions with humans in written or 
spoken language—such as ChatGPT, or voice assistants like 
Apple’s Siri, or Amazon’s Alexa (Mariani et al., 2023; 
Radziwill & Benton, 2017).

Supported by CAs, users can organize their shopping, 
make appointments, cook meals, optimize their personal 
music playlists, and find their way to various destinations 
(Bokolo Jnr, 2024; Lee et al., 2023; PWC, 2018). At work, 
CAs help users improve customer support, draft legal docu
ments, or prepare emails (Chui et al., 2022), and human 
engagement with these systems is evolving from mere usage 
to collaboration (Blaurock et al., 2024). The CA helps users 
achieve their goals, while the users’ behavior and feedback, in 
turn, helps the CA to adapt its predictive model and offer 
more accurate recommendations in the future (Guo, 2020). 
Existing studies have predominantly focused on a system’s 

characteristics such as its design, as well as privacy-related 
aspects of CAs as a driver of user acceptance, usage intentions 
(e.g., Cheng & Jiang, 2020; Dutsinma et al., 2022; Mariani et al., 
2023), or users’ trust towards the system (e.g., Fernandes & 
Oliveira, 2021; Kasilingam, 2020; Leschanowsky et al., 2024). 
Additionally, research has focused on fair and inclusive AI sys
tems by examining biases in the design of AI in general and 
CAs in particular (e.g., Zabel & Otto, 2021, 2024), for instance 
regarding the reinforcement of gender stereotypes (e.g., a sub
ordinate attitude, Hwang et al., 2019), and discrepancies in 
voice recognition accuracy for different speaker groups (e.g., 
non-native speakers, speakers of regional accents, Feng et al., 
2024). This focus on the design of fair, inclusive, and transpar
ent CAs is essential for maximizing their collaborative potential, 
providing the best opportunities for user engagement. Yet, the 
effectiveness of a human-CA-collaboration relies not only on 
the system’s features, but also on the users’ contributions to 
facilitating and enhancing collaboration, characterized by joint 
effort and an integration of the respective abilities to complete a 
task (Maedche et al., 2019; Mattessich & Monsey, 1992; Sowa 
et al., 2021). Consequently, Mariani et al. (2023) emphasized 
the importance of studying users’ inherent characteristics, 
which facilitate CA adoption and human-CA collaboration 
(Hering et al., 2024; Zabel et al., in press). Attig et al. (2017) 
argued for more extensive research on interindividual differen
ces in human-technology interaction to understand user diver
sity and increase user-technology fit. Yet, there remains a gap 
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in understanding how users contribute to a successful collabor
ation with a CA through their behavior. Addressing this gap is 
essential, as CAs are not static, but are actively shaped by users 
through their engagement and feedback.

The present study addresses this gap by developing and 
validating a scale to measure human-CA collaboration inten
sity—the extent to which a user engages effectively and pro
ductively with CAs. Our primary contribution lies in the 
introduction of a novel scale to assess users’ contributions to 
the collaboration with a voice assistant (VA)—a voice-based 
CA—focusing on their actual collaboration behaviors rather 
than perceptions or attitudes. By applying Item Response 
Theory (IRT), the scale allows for the precise assessment of 
individuals based on the intensity of collaboration with VAs 
(see also Bond & Fox, 2013). Furthermore, the combination 
of behavior-based measurement and IRT, which facilitates 
item-level analyses, enables the identification of areas where 
collaboration might still be difficult for users and, thus, 
informs improvements in VA design and alignment with 
user needs. This includes the development and marketing of 
more personalized VAs and voice-based services, which 
cater to diverse user needs and preferences (Cerezo et al., 
2025). Additionally, it will be possible to extend the scale in 
the future to take account of dynamic developments in the 
field of VAs. For more economical testing, we also proposed 
a short scale with 12 items. Finally, unlike existing scales 
measuring technology acceptance and related constructs 
(Neyer et al., 2012), our scale emphasizes collaboration 
behavior, assessing the user’s contribution to the collabora
tive process, thereby advancing the theoretical understanding 
of human-VA collaboration.

2. Theoretical background

CAs are AI-enabled agents that work via natural language proc
essing, allowing users to interact with them via written or 

spoken language (Mariani et al., 2023). They perform a range of 
tasks, including searching for information (e.g., daily news), 
ordering food or consumer goods, translating language, and 
even managing other smart devices (Hoy, 2018; OpenAI, 2023). 
They differ from other technologies because virtually no tech
nical knowledge is needed to use them, and they offer a con
venient way to interact and complete tasks, similar to engaging 
in a dialog with a human counterpart (Guzman, 2019; McLean 
et al., 2021). Of all CAs, the interaction modality of spoken lan
guage enables voice assistants (VA) to interact in the most natu
ral and intuitive way (Rzepka et al., 2022). Furthermore, VAs 
are particularly suited to performing a variety of tasks while the 
user is busy with other tasks (e.g., sending dictated messages 
while driving). It is thus unsurprising that VAs are becoming 
increasingly popular (Deloitte, 2019; Maedche et al., 2019)—in 
2022, 47% of internet users controlled their electronic devices at 
least occasionally via voice command, with even higher usage 
among those aged 16–29 (Bitkom, 2022) and the global number 
of AI-based voice assistants in use is estimated to reach eight 
billion in 2024 (Statista, 2024).

2.1. Existing scales and measurement

Researchers have explored how the design of CAs in general 
and VAs in particular, as well as user-related aspects, such 
as attitudes or perceptions, influence system adoption 
(Mariani et al., 2023), and scales have been developed for 
the particular context of human-CA interaction. Table 1
presents an overview of these measures and indicates what 
the scale measures and through whose experience (i.e., unit 
of measurement; MacKenzie et al., 2011). We also indicate 
which type of human response to interactions with CAs the 
scales measure leveraging the well-established Affect- 
Cognition-Behavior Model (ABC; Breckler, 1984). Of the six 
scales, three focus on VAs, with two of them measuring 

Table 1. Overview of existing scales related to human-CA interaction.

Reference Scale name Aim Unit of measurement ABC category

Chen et al.  
(2022)

AI chatbot service 
quality (AICSQ)

Theoretical classification and measurement 
development for AICSQ, which provides a 
framework and benchmark for evaluating, 
designing, and improving AI chatbot service 
quality for practitioners.

Users’ perceptions of CA 
quality

C

Klein et al. (2020) UX with VA scale Evaluating VA quality through user experience 
(UX) to evaluate and improve VAs.

Users’ perceptions of CA 
interaction experience

C

Zwakman  
et al. (2020)

Voice Usability 
Scale (VUS)

Construct and validate a scale for subjective 
usability evaluation of VAs.

Users’ perceptions of CA 
usability

C

Borsci et al.  
(2022, 2023)

The Chatbot Usability 
Scale

Providing a toolkit to help chatbot designers 
consider the needs of the end-users in the 
design process to achieve user satisfaction.

Users’ perceptions of CA 
usability

C

Banks (2019) Perceived Moral 
Agency (PMA)

Measurement of human interlocutors’ 
perceptions of social machines (e.g., CAs) as 
moral agents through perceived moral 
agency.

Users’ perceptions of CA as a 
moral agent

C

Wienrich and  
Carolus (2021)

Conversational Agent 
Literacy Scale (CAL)

Expand literacy concepts to account for AI- 
related specifics in the context of voice-based 
conversational agents; assessment of 
conceptualizations and competencies about 
conversational agents.

Users’ knowledge of CA 
functionalities

C

Our scale Human-VA 
Collaboration 
Intensity

Establishing a behavioral scale to assess human- 
VA collaboration Intensity based on IRT.

Users’ behavior when 
collaborating with voice 
assistant

B

Note. ABC: Affect-Behavior-Cognition (Breckler, 1984); IRT: Item Response Theory.
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usability (Klein et al., 2020; Zwakman et al., 2020) and one 
assessing literacy (Wienrich & Carolus, 2021).

In studying the existing scales, it becomes apparent that 
they predominantly focus on measuring users’ perceptions of 
the CA’s quality (Chen et al., 2022), the CA’s usability (Borsci 
et al., 2022; Zwakman et al., 2020), or the user’s interaction 
experience (Klein et al., 2020), all of which adhere to the cat
egory of cognitive responses to environmental stimuli rather 
than affective or behavioral responses (Breckler, 1984). Aside 
from the Conversational Agent Literacy Scale (CAL), which 
measures knowledge about CA functionalities (Wienrich & 
Carolus, 2021), no other scale measures users’ contributions to 
the interaction process. The CAL scale focuses on conceptuali
zations and competencies about CAs, and it incorporates— 
amongst others—users’ knowledge about and skills in interact
ing with CAs. The CAL scale thus provides insights into users’ 
cognitive understanding of CAs, which is a predictor of the lit
erate use of a CA. However, it does not focus on actual collab
oration behavior. Therefore, we propose a scale which 
measures human-VA collaboration intensity via actual engage
ment with the VA, to complement existing scales which focus 
on cognitive responses to or evaluations of the system.

Furthermore, most of these measures have some common 
shortcomings: They mainly assess self-reported perceptions 
and attitudes (e.g., Loyd & Gressard, 1984), which cannot 
keep up with self-reported behavior in terms of validity, as 
answering questions about attitudes requires a high degree of 
reflection among the participants and often results in common 
method bias (e.g., Otto et al., 2018). Despite the advantages of 
behavioral measures as compared with classical measures of 
attitude, only a few studies have focused on user behavior 
when interacting with voice assistants. For example, Purington 
et al. (2017) investigated user interaction sociability with 
Amazon Echo, and Sciuto et al. (2018) explored households’ 
integration of voice assistants by analyzing the users’ requests. 
A scale that examines past behavior as a reflection of users’ 
contribution to the human-VA collaboration would allow 
researchers and practitioners to rapidly collect valid data on 
human-VA collaboration intensity across CA brands and with 
a variety of users across the globe.

2.2. Human-voice assistant collaboration

In many areas, the partnership between users and VAs 
can increasingly be viewed as a collaboration. Human-VA 
collaboration—in contrast to interaction, which is a more 
general term that refers to two or more entities actively 
(socially) engaging with each other—is defined as a 
human and a digital device or robot working together on 
a joint task or goal (Fong et al., 2003; Merriam-Webster, 
2023; Sowa et al., 2021). When collaborating, two entities 
work in concert, and individual abilities are integrated to 
complete a joint task (Maedche et al., 2019; Mattessich & 
Monsey, 1992; Sowa et al., 2021). Thus, collaboration 
strives for a mutually beneficial interworking in symbiosis 
(Maedche et al., 2019; Paschen et al., 2020).

AI-based systems that partner up with a user to achieve 
the user’s goals are called collaborative intelligence systems 

(Epstein, 2015). Such systems are intended to engage in differ
ent tasks with users as active collaborators (Epstein, 2015). 
For example, VAs collaborate with users in developing 
musical ambience for different occasions. The voice assistant 
makes suggestions on the basis of an analysis of past user data 
while the user provides feedback to obtain the ideal playlist 
(Guo, 2020). It is only through this collaboration and feedback 
that the voice assistant can learn leading to improved collab
oration results over time (e.g., Guo, 2020).

There are numerous examples of VAs collaborating on 
tasks with humans in the work context as well. One example 
is Alexa for Business, which serves as a personal assistant, 
performing tasks, such as scheduling meetings, booking con
ference rooms, retrieving reports or slides, and even ena
bling users to make calls and check security camera feeds 
(Forbes Technology Council, 2020). In the logistics sector, 
voice assistants can streamline delivery processes by sup
porting drivers through apps built into their vehicles or 
scanners (StageZero Technologies, 2022). With their natural 
language processing capabilities, VAs are designed to be a 
more human-like technology than predecessor technologies 
(Guzman, 2019). They engage users in a more interactive 
manner, resembling the way humans interact with each 
other and thus fostering social connections and collabor
ation (van Pinxteren et al., 2023). Thus, while there are a 
multitude of scales for assessing users’ propensity to accept 
and use technology (see Attig et al., 2017 for an overview), 
the collaborative nature of VAs and similar technologies 
raises questions about the applicability of these scales.

2.3. Collaboration intensity

Our Collaboration Intensity construct relates to established the
oretical technology acceptance models, namely the extended 
Technology Acceptance Model (TAM2) (Venkatesh & Davis, 
2000) and the Unified Theory of Acceptance and Use of 
Technology (UTAUT) (Venkatesh et al., 2003) and extant con
ceptual work on human-AI collaboration (Blaurock et al., 
2024; Epstein, 2015). The technology acceptance models 
already provide valuable foundations for understanding users’ 
interactions with information technology such as VAs as they 
identify critical antecedents including perceived usefulness and 
performance expectancy, instrumental factors (e.g., ease of use, 
job relevance, effort expectancy, facilitating conditions), and 
social influence (e.g., subjective norm, image) as well as impor
tant moderators (e.g., age, gender, previous experience) of tech
nology use (Venkatesh et al., 2003; Venkatesh & Davis, 2000). 
Our work relates to these theoretical models as we offer add
itional insights into their behavioral backend. While TAM and 
UTAUT focus on the mere intention and subsequent actual 
use of technology, Collaboration Intensity allows for fine 
grained analysis of users’ level of engagement with a collabor
ation technology. Moreover, our construct draws from concep
tual collaborative intelligence models that focus specifically on 
collaboration rather than interaction with interactive technol
ogy (i.e., collaborative intelligence systems such as CA, VA, 
social robots) (Epstein, 2015; Blaurock et al., 2024). These 
models show that for effective collaboration, users and systems 
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are interdependent, enhancing (or compensating for) each 
other’s abilities and specify these abilities as detailed below. 
This interdependency requires both parties to contribute to the 
collaboration, leveraging their strengths to achieve the best out
come. Thus, the success of a human-technology collaboration 
hinges not only on the system’s features but on the propensity 
of humans to engage with a technology, and on their active 
collaboration (Epstein, 2015). We term this human contribu
tion to an enabling and enhancing collaboration with collab
orative intelligence systems Collaboration Intensity. It refers to 
the extent to which an individual is engaging effectively and pro
ductively with a collaborative intelligence system (e.g., VAs) in 
pursuit of a joint task or goal.

For our scale, we focus on human-VA collaboration and 
draw from research on collaborative intelligence (Blaurock 
et al., 2024; Epstein, 2015) to understand and structure the 
different contributions of users and VAs in the collabor
ation. Recent research has identified five design features of 
collaborative intelligence systems that are related to favor
able outcomes such as perceived service improvement, 
namely engagement, transparency, process control, outcome 
control, and reciprocal strength enhancement (Blaurock 
et al., 2024). To address the interdependent nature of the 
collaboration process, we adapt this concept from the sys
tem’s prerequisites to the user’s contribution to the collabor
ation process. Our newly developed scale assesses human 
behavior to infer the human contribution to the collabor
ation, which can fall into different behavioral categories: (a) 
Active engagement describes the human agent actively 
approaching the voice assistant. Epstein (2015) emphasizes 
that co-creation of outcomes is essential for successful 
human-AI collaboration. Human users can actively engage 
systems to participate in the collaboration process (e.g., the 
user actively asks for suggestions). (b) Transparency refers 
to the user making themself transparent to the voice assist
ant, that is, providing data and, thereby, enabling the voice 
assistant to perform tasks. Providing such information (e.g., 
granting access to contacts or location) is vital for the sys
tem to be able to contribute to the collaboration process 
(Jiang et al., 2024) (c) Reciprocal strength enhancement con
sists of two parts: either the user strengthens the system’s 
performance by, for example, giving feedback, or the system 
enhances the user’s strengths by the user leveraging the sys
tem to take over tasks it can accomplish more efficiently 
than they (e.g., because the system can support conversa
tions in foreign languages, the users scope of action, for 
example, to learn something new, increases significantly). 
Reciprocal strength enhancement is essential for continuous 
improvement of human and machine for effective and pro
ductive collaboration (Guo, 2020; Wilson & Daugherty, 
2018). (d) Process control describes the behavior of altering 
an interaction process (e.g., deciding how to use an applica
tion in the collaboration process with the system such as 
skipping a movie part). And finally, (e) outcome control 
refers to behaviors related to providing outcome control 
over tasks or not (e.g., letting the VA send messages). Being 
able to exhibit control in human-technology interactions is 
essential for user trust (Rohden & Espartel, 2024) and 

satisfaction (Fan et al., 2022). Because of their close concep
tual relation and limited number of potential control behav
iors in our context, we merged the subdimensions of 
process control and outcome control into one control 
dimension.

2.3.1. Related constructs
2.3.1.1. Technology acceptance. The strongest conceptual 
similarity between the collaboration intensity and known 
constructs was expected for technology acceptance. 
Technology acceptance refers to the extent to which people 
are generally open and enthusiastic about new technologies, 
thus reflecting a type of attitude toward technology in gen
eral (Neyer et al., 2012). With regard to VAs, enthusiasm 
and openness about new technologies could make it easier 
to enter into a collaboration and try new input (e.g., 
prompts), thereby paving the way for positive collaboration 
experiences and an intensive collaboration. It is therefore 
likely that this overall acceptance of new technologies is also 
related to the more specific collaboration intensity. 
However, there are certain differences between these two 
constructs: Collaboration intensity focuses specifically on 
VAs, rather than technology in general. Thereby, it is pos
sible to obtain a more precise picture of how users collabor
ate with such systems, and to study the determinants and 
constructs that are related to the collaboration intensity 
(e.g., personality traits). Furthermore, technology acceptance 
focuses primarily on users’ willingness to adopt and use a 
technology (Venkatesh et al., 2003) on the basis of their per
ception of it and on other external and internal factors. In 
contrast, collaboration intensity assesses users’ behavior 
when collaborating with a VA, emphasizing the inter
dependent nature of the user-VA interaction.

Therefore, on the basis of the abovementioned points, we 
hypothesized:

H1: Collaboration intensity is positively correlated with tech
nology acceptance (construct validity).

2.3.1.2. Commitment to informational self-determination. In 
order to collaborate with VAs, people must be willing to dis
close personal information. Therefore, having a low commit
ment to informational self-determination (i.e., having a positive 
attitude toward disclosing personal data) is likely to be related 
to collaboration intensity (see also Easwara Moorthy & Vu, 
2015). However, due to the conceptual dissimilarity between 
collaboration intensity and the commitment to informational 
self-determination, we expected the correlation to be weak. 
Thus, we hypothesized:

H2: The human-VA collaboration intensity is weakly nega
tively correlated with commitment to informational self-deter
mination (construct validity).

2.3.2. Determinants of collaboration intensity
Personality traits predict individual differences in attitudes 
and behavior in various domains (Schepman & Rodway, 
2023). Research on technology acceptance and use has 
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shown that individuals who are high in openness tend to 
give higher ratings to the perceived usability of technologies 
(Kortum & Oswald, 2018). Furthermore, a person with high 
openness to experience is described as being innovative and 
unconventional (Ashton & Lee, 2008). Thus, we expected that 
people higher in openness would be more likely to adopt and 
collaborate with voice assistants, and thus, openness and col
laboration intensity were expected to be correlated.

Another relevant personality trait is extraversion. It was 
found to be negatively correlated with technology use 
(Barnett et al., 2015), and attitude towards AI (Bergdahl 
et al., 2023; Park & Woo, 2022). However, we expected it to 
be positively related to collaboration intensity. Extraversion 
is related to engaging in social activities (e.g., Argyle & Lu, 
1990). Thus, individuals high in extraversion may enjoy col
laborating with a CA and especially a VA, which comes 
close to a human conversational partner due to its commu
nication in natural language (Guzman, 2019). By examining 
the relationship between collaboration intensity and extra
version, our aim is to assess the uniqueness of the collabor
ation intensity construct, demonstrating that it differs from 
technology acceptance and use. We hypothesized:

H3: (a) Openness to experience and extraversion (b) are posi
tively related to collaboration intensity (construct validity).

2.3.3. Collaboration intensity in voice assistant power users
Finally, we aimed to test the appropriateness of the collabor
ation intensity scale for identifying power users (i.e., users 
who use more than one voice assistant or users who use 
voice assistants several times a day). We expected that col
laboration intensity would be positively related to (a) the 
number of voice assistants used and (b) the frequency of 
voice assistant use. Furthermore, we expected collaboration 
intensity to explain additional variance when technology 
acceptance was included as another predictor in the model. 
Thus, we hypothesized:

H4: Collaboration intensity predicts (a) the frequency of voice 
assistant use and (b) the use of different voice assistants (pre
dictive validity).

2.4. Measurement approach

We measure collaboration intensity with a behavioral scale, 
that is, by assessing whether users perform certain behaviors 
when using a voice assistant. Using questions about per
formed behaviors comes with the advantage that answers 
are less prone to response biases (e.g., Otto et al., 2018) and 
can be answered without intensive self-reflection (i.e., more 
quickly). Furthermore, behavioral items can be ordered by 
the difficulty of the behavior, with difficulty reflecting the 
costs (not merely financial, but also in terms of personal 
resources such as time, trust, or effort) associated with the 
behavior (see also Br€ugger et al., 2011; Kaiser et al., 2010). 
For instance, the item “I let my voice assistant pay for me” 
may be considered more difficult than “I ask my voice 
assistant for the latest news” because, among other things, 

the VA would gain access to extensive personal data in the 
former, but not in the latter case. Ordering the behaviors 
according to their difficulties has two main advantages. 
First, it makes it possible to identify behaviors that are per
ceived as particularly difficult, which can be considered 
when designing VAs. Second, based on an individual’s 
responses to these items, it is possible to derive their collab
oration intensity: The higher the collaboration intensity, the 
more collaborative behaviors (with a high level of difficulty) 
are performed.

We analyze the data based on IRT, which is particularly 
suitable for handling items with varying levels of difficulty 
(i.e., collaboration behaviors with different levels of neces
sary effort, time, etc.). Compared to Classical Test Theory 
(CTT), IRT provides several advantages for scale develop
ment and validation. While CTT primarily focuses on test- 
level information, IRT estimates both item and person 
parameters on the same scale (e.g., Bond & Fox, 2013), 
allowing for precise measurement of the latent trait, in our 
case individual collaboration intensity. The individual scores 
are independent of the specific test items used, thus providing 
a stable measure of an individual’s collaboration intensity, even 
if items change. This stability makes IRT especially suitable for 
adaptive testing scenarios in which the selection of items is 
based on an individual’s responses to previous items, which 
allows for a precise estimation of an individual’s collaboration 
intensity based on a smaller number of items. Furthermore, it 
offers the possibility of including new items to the scale (cf. 
Bond & Fox, 2013), which is especially beneficial as VAs and 
their functionalities dynamically evolve and users’ contributions 
to the collaboration may change. IRT has been successfully 
used in behavioral assessments (Kaiser & Wilson, 2004) and 
has proven effective in Human-Computer Interaction research 
(e.g., Berkman & Şahin, 2024; Cai et al., 2024). With regards 
to our scale, IRT enables detailed item analysis, helping to 
identify which behaviors are perceived as more difficult (Bond 
& Fox, 2013). This information can then be used to align the 
design of VAs more closely with user needs.

3. Scale development and validation process

Figure 2 illustrates the process and content of our scale 
development and validation process. After consulting previ
ously developed scales to ensure the value added of our 
scale, we developed 70 behavioral items to measure collabor
ation intensity following Kaiser et al.’s (2010) recommenda
tions. We then conducted two validation studies with online 
convenience and online representative samples. In the first 
study, we used IRT to internally validate our newly devel
oped items by assessing item fit (especially item infit statis
tics, see Linacre, 2002) and difficulty patterns to ensure that 
the selected items cover the full range of collaboration inten
sity and, thus, allow for a precise differentiation across vary
ing levels of intensity. We ensured that items which 
exhibited poor fit or redundancy were excluded (see also 
Section 5.3). We selected 30 items for the final scale. We 
also assessed construct and predictive validity. In a final 
step, we conducted a second study to validate the scale in a 
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more heterogeneous sample internally, and we used add
itional constructs for the external validation. Finally, we 
identified suitable items for a short scale. Our aim was to 
obtain a scale that allows for economic testing, while still 
demonstrating satisfactory reliability. We followed the same 
item reduction procedure as described above, resulting in a 
12-item scale.

4. Item development

Our aim was to develop a set of items that could be used to 
measure collaborative behavior with voice assistants to infer 
users’ collaboration intensity. To do so, we followed the pro
cedure described by Kaiser et al. (2010). The items were 
developed to cover a wide range of voice assistant functions 
and varied only in their difficulty. They were grouped 
according to the categories described in Section 2.3 (cf. 
Blaurock et al., 2024).

The item generation proceeded as follows: First, three 
researchers independently engaged in brainstorming to gen
erate a diverse set of items that reflect actual behaviors of 
users when collaborating with voice assistants. Next, they 
convened to jointly discuss and compare the items and 
engaged in test interactions with the voice assistants Google 
Assistant and Siri (two voice assistants with great coverage 
in Germany at the time of the study [June 2021], see 
Splendid Research, 2019) with the aim of discovering add
itional collaboration functions. Furthermore, insights into 
the functions commonly used by voice assistant users were 
gathered by leveraging the personal networks of the 
researchers. Finally, user statistics with regard to specific 
functions were taken into account to develop items (Statista, 
2021). The aim of using multiple sources for the item gener
ation was to cover all identifiable voice assistant functions at 
the time of the study. The behaviors covered include basic 
interactions (e.g., setting a timer), task delegation (e.g., send
ing messages), data-sharing (e.g., speech analysis; granting 
access to one’s contacts), and decision-making support (e.g., 
asking the voice assistant multiple times before making a 
decision). The researchers discussed the resulting collection 
of 70 items and aligned them with the categories identified 
by Blaurock et al. (2024)—active engagement, transparency, 
reciprocal strength enhancement, process and outcome con
trol (see also Section 2.3).

To ensure that the items cover a broad range of collabor
ation behaviors, they were designed to reflect both simple 
and more complex or demanding collaboration. Some items 
were based on basic functions such as setting a timer, while 

others captured more advanced behaviors like using the 
voice assistant for financial transactions, or asking it several 
times before making a decision. This approach allows us to 
differentiate between users with minimal engagement and 
those who frequently and intensively collaborate with their 
voice assistant.

The matching process was conducted systematically: The 
three researchers who generated the items independently 
categorized each developed item. Their individual categori
zations were then compared and discussed with two add
itional researchers who had not been involved in the item 
generation process. This group discussion ensured that each 
item was appropriately assigned and that items that lacked 
face validity, or were redundant, were removed. The first 
study was conducted with these 70 items, with the aim of 
selecting about 30 items for the final scale.

5. Study 1

When designing and conducting the study, we ensured that 
it is in accordance with the Declaration of Helsinki (World 
Medical Association [WMA], 2013) and the American 
Psychological Association’s Ethical Principles (American 
Psychological Association [APA], 2017). As our study does 
not involve any procedures that would induce stress, nor 
high-risk participants, ethical approval was not required 
according to the German Research Foundation (Deutsche 
Forschungsgemeinschaft, 2023).

5.1. Sample and procedure

Data were collected with an online questionnaire on the 
SoSci Survey platform (https://soscisurvey.de) from June 11 
2021 to July 2 2021. Participants were recruited by three 
researchers. At the beginning of the survey, all participants 
were informed about the purpose of the research, the volun
tary nature of their participation, data anonymity, and their 
right to withdraw from the study at any time without pro
viding a reason. No personally identifyable or sensitive data 
were collected. Participants then indicated their agreement 
to these terms and consented to participate in the study. 
Besides personal contacts, the ad hoc sample was contacted 
via a university mailing list (a Master’s student distribution 
list), personal posts on social media platforms (LinkedIn, 
Facebook, Instagram, and Twitter [later renamed X]), and 
shares in facebook interest groups related to AI, Alexa, and 
Amazon Echo, as well as local community bulletin boards, 
and a notice posted in stores nearby. No incentives were 

Figure 2. Scale development and validation process.
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offered for participation. The sample was restricted to par
ticipants who had used a voice assistant during the last 2 
years. A total of 459 participants responded to the survey. 
We removed data from participants who answered less than 
75% of the questions, did not complete the Collaboration 
Intensity Scale, responded too quickly (i.e., more than twice 
as fast as the median response time; see Leiner, 2019), or 
did not pass the attention check, which consisted of partici
pants having to select a specific answer category for one 
question. The final sample consisted of N¼ 319 participants. 
Their ages ranged from 18 to 74 years, with a mean age of 
29.74 years (SD¼ 11.20); 58.93% were women. As the high
est educational qualification, 152 individuals stated that they 
had a university degree or higher, 40 vocational training, 97 
a high school diploma, and 15 either a secondary school 
diploma or a lower secondary school diploma.

5.2. Measures

5.2.1. Collaboration intensity
Our main variable of interest—collaboration intensity—was 
measured using our newly developed scale which assesses 
the extent to which users engage in collaborative behaviors 
with their voice assistant. This construct is based on the 
Collaborative Intelligence features (Blaurock et al., 2024) 
and reflects varying levels of active engagement, transpar
ency, reciprocal strength enhancement, as well as process 
and outcome control. The response format of the items was 
either dichotomous (yes/no) or consisted of a 5-point scale 
with levels ranging from 1 (never) to 5 (very often/always) 
or from 1 (strongly disagree) to 5 (strongly agree). All had an 
additional category (not specified), which was to be selected 
if the person could not provide any information on an item 
because their voice assistant did not include the specific 
function or users do not perform the task (e.g., if someone 
does not watch movies or series, they cannot use their voice 
assistant for controlling the device). Items were coded in 
such that higher values indicated greater collaboration intensity. 
Some items were reverse-coded, as indicated in Appendix 
Table A1. The scores were then dichotomized, which is a pre
requisite for the Rasch analysis, so that response categories three 
to five were recoded as 1 (i.e., the behavior is performed), and 
response categories 1 and 2 were recoded as 0 (i.e., the behavior 
is not performed). While dichotomization has been discussed as 
leading to a loss of information (MacCallum et al., 2002), it can 
also reduce measurement error (DeCoster et al., 2009). With 
regards to behavioral scales, researchers found that participants 
had difficulties answering frequency questions consistently, thus, 
dichotomization also serves to reduce measurement error in 
behavioral scales (Kaiser & Lange, 2021). Alternative methods 
such as the Partial Credit Model were considered less suitable 
for our scale’s intended application, as they may introduce 
greater response inconsistencies. Furthermore, parts of our 
items were already in a dichotomous format in the question
naire, because they reflected whether a behavior was performed 
or not. The dichotomous Rasch Model was thus chosen as the 
best fit to capture collaboration intensity based on the occur
rence of behaviors.

5.2.2. Technology acceptance
To assess construct validity, four items from a short scale 
developed by Neyer et al. (2012) were used to assess technol
ogy acceptance using a 5-point scale ranging from 1 (do not 
agree at all) to 5 (fully agree). Individuals rated their level of 
agreement with four statements regarding their attitude toward 
new technology (e.g., “I am very curious about new techno
logical developments”). The internal consistency was measured 
with Cronbach’s a (a ¼ .87), M¼ 3.61 (SD¼ 0.87).

5.3. Results

Our analyses were performed using R, version 4.1.2 (R Core 
Team, 2020, 2021). Besides the TAM package which was used 
to calibrate the Rasch model for all 70 items (Robitzsch et al., 
2020), we used the following R packages for data management 
and statistical analyses (e.g., reliability estimates for the other 
scales, or the calculation of beat coefficients): psych (Revelle, 
2021), lmtest (Zeileis & Hothorn, 2002), dplyr (Wickham et al., 
2021), car (Fox & Weisberg, 2019).

Based on item statistics, we selected 30 items for the final 
scale. We focused especially on MS infit, which is ideally 
around 1 (values between 0.8 and 1.2 are considered uncrit
ical, see Wright & Linacre, 1994 for reference values), and 
selected items with a broad difficulty distribution for the 
final scale. When there were items with similar difficulty, 
our objective was to streamline the selection, focusing on the 
infit and the content of the items to cover different aspects of 
the collaboration with voice assistants. For instance, in the ini
tial item pool, two items involved dictating messages to the 
voice assistant—one sent automatically, the other manually. 
Since both had similar difficulty, only one was included in the 
final scale to reduce redundancy. Additionally, we evaluated 
Differential Item Functioning to ensure no substantial variation 
in how items discriminated across different groups—in our 
case, different genders (Holland & Wainer, 2012).

For the remaining 30 items, we recalibrated the scale, re- 
examining the fit statistics and the distribution of item difficul
ties, which is presented in Table 2. Some behaviors were rarely 
performed, for instance, most participants did not have their 
VA pay for them, whereas other behaviors were more com
mon (e.g., giving the voice assistant new input if it misunder
stands the user). Overall, there were more difficult than easy 
items. We further tested for unidimensionality by conducting a 
principal components analysis (PCA) of the standardized resid
uals of the Rasch model (Mylona et al., 2021) to examine if 
there are further factors explaining a substantial portion of 
variance in the data. Unidimensionality can be assumed, as the 
PCA revealed that the first component explained less than 15% 
of the variance in the residuals, and the variance explained by 
subsequent components decreased gradually (Fisher, 2007). 
The scale’s expected a posteriori (EAP) reliability was good, 
EAP ¼ .79 (see also B€uhner, 2011 for reference values).

Additionally, we examined the correlation between the 
Collaboration Intensity scale with gender and age. Both cor
relations were not statistically significant (r¼−.06, p ¼ 0.27 
for gender and r¼−.02, p ¼ 0.66 for age).
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5.3.1. Construct validity
We used technology acceptance to assess construct validity. 
The correlation between the Collaboration Intensity Scale 
and technology acceptance was r ¼ .32, p < 0.001 (.39, cor
rected for attenuation). That is, as expected (H1), technology 
acceptance and collaboration intensity were correlated to a 
moderate degree.

5.3.2. Predictive validity
To test for predictive validity, we assessed whether the scale 
was adequate for identifying power users (i.e., users who use 
more than one voice assistant or use voice assistants very 
frequently). We expected that, when controlling for technol
ogy acceptance and users’ gender, the Collaboration 
Intensity Scale would explain additional variance in the use 
of more than one voice assistant (incremental validity). 
Table 3 presents the results. When we controlled for gender 
and technology acceptance, the overall model was signifi
cant, F(3, 313) ¼ 5.59, p< 0.001, R2

(adj.) ¼ .04, and the 
influence of collaboration Intensity on the number of voice 

assistants used was also significant, however the effect was 
small (b¼ 0.12, p¼ 0.042).

An additional analysis was performed to predict the fre
quency of voice assistant use (from 1¼ several times a 
month to 5¼ several times a day). Table 4 presents the 
regression model. When we controlled for gender and tech
nology acceptance, collaboration intensity emerged as a sig
nificant predictor (p< 0.001) and accounted for additional 
variance (b¼ 0.33), indicating a moderate positive relation
ship between collaboration intensity and the frequency of 
voice assistant use, F(3, 291), p< 0.001, R2

(adj.) ¼ .21. Thus, 
the data were consistent with H4. We can thus conclude 
that the Collaboration Intensity Scale is suitable for identify
ing voice assistant power users beyond their personal degree 
of technology acceptance.

5.4. Discussion

Study 1 showed that our newly developed scale can measure 
human-VA collaboration intensity reliably with 30 items 
and confirmed the possibility of using the entire pool of 70 
items for an adaptive test. Construct validity revealed a 

Table 2. Item difficulties for the 30-item scale (studies 1 and 2).

Number Text Category d1 p1 d2 p2

1 I have my voice assistant pay for me. AE 6.26 0.00 4.01 0.02
2 I call a taxi with the help of my voice assistant. AE 5.14 0.01 3.13 0.04
3 I use my voice assistant to get food delivered. AE 4.84 0.01 3.12 0.04
4 I schedule appointments for my family with my voice assistant. RS 3.44 0.03 2.91 0.05
5 I use my voice assistant to engage in conversations in a foreign language. RS 3.12 0.04 2.39 0.09
6 I have my voice assistant suggest leisure activities. AE 2.91 0.05 1.99 0.12
7 I use my voice assistant for work. RS 2.51 0.08 2.29 0.10
8 I have instructed my voice assistant to address me by my nickname. T 2.42 0.08 2.55 0.07
9 I use my voice assistant while watching a series, film, etc. (e.g., start, stop, fast-forward, and rewind). C 2.19 0.10 2.00 0.12
10 I have my voice assistant solve computing tasks. AE 2.04 0.12 1.46 0.19
11 I have my voice assistant suggest gas stations/charging stations to me. AE 2.02 0.12 1.74 0.15
12 I use my voice assistant to suggest restaurant alternatives nearby. AE 1.99 0.12 1.39 0.20
13 I dictate messages to my voice assistant and allow it to send them. C 1.93 0.13 1.40 0.20
14 I dictate messages to my voice assistant and send them myself afterwards. C 1.85 0.14 1.48 0.19
15 I have my voice assistant read out my messages (e.g., WhatsApp, SMS, e-mails). AE 1.78 0.15 1.61 0.17
16 Before I ask anyone else, I ask my voice assistant. AE 1.71 0.16 1.51 0.18
17 I ask my voice assistant several times before making a decision. C 1.62 0.17 1.85 0.14
18 The way I treat my voice assistant is similar to the way I treat a human counterpart (e.g., talk, interact). – 1.08 0.25 1.02 0.27
19 I allow my voice assistant to access all my personal data. T 0.48 0.38 1.14 0.24
20 I ask my voice assistant when I don’t know something and thus learn new things. RS 0.30 0.43 −0.75 0.68
21 If I want to research something, I use my voice assistant to do so. AE 0.29 0.43 −0.34 0.58
22 When I hear a song I like, I use my voice assistant to find out the name of the song. RS 0.21 0.45 −0.55 0.63
23 I use my voice assistant for navigation. RS 0.14 0.47 0.14 0.47
24 When I’m driving a car, I use my voice assistant to call someone. AE 0.13 0.47 0.68 0.34
25 I grant my voice assistant access to my contacts. T −0.30 0.57 0.45 0.39
26 I have my voice assistant play music playlists for me. AE −0.51 0.62 −0.49 0.62
27 I use my voice assistant to set my timer (e.g., when cooking or exercising). AE −0.57 0.64 −0.18 0.54
28 I allow my voice assistant to access other apps (e.g., WhatsApp, Spotify) and my web activities. T −0.67 0.66 0.11 0.47
29 I accept my voice assistant’s suggestions. C −0.87 0.70 0.15 0.46
30 If my voice assistant misunderstands me, I take the time to give it new input. C −0.98 0.72 −0.54 0.63

Note. d indicates item difficulties in Studies 1 and 2 expressed in logits. Easier items have lower (or more negative) values, whereas difficult items have higher 
values. p Is the probability that the average person exhibits the respective behavior. AE refers to the category active engagement, RS means reciprocal strength 
enhancement, T refers to transparency and C to process and/or outcome control.

Table 3. Regression analysis for predicting the use of more than one voice 
assistant from collaboration intensity.

B SE(B) b t p

Constant 1.23 0.18 7.02 < 0.001
Gender −0.12 0.07 −0.10 −1.68 0.093
Technology Acceptance 0.07 0.04 0.11 1.70 0.091
Collaboration Intensity 0.08 0.04 0.12 2.04 0.042

Note. Gender was coded 0 (male) and 1 (female). The dependent variable was 
assessed as the number of voice assistants used.

Table 4. Regression analysis for predicting the frequency of voice assistant 
use from collaboration intensity.

B SE(B) b t p

Constant 2.21 0.44 5.00 <0.001
Gender −0.49 0.17 −0.16 −2.82 0.005
Technology Acceptance 0.31 0.11 0.17 2.88 0.004
Collaboration Intensity 0.58 0.10 0.33 5.95 <0.001

Note. Gender was coded 0 (male), 1 (female).
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moderate correlation between collaboration intensity and 
technology acceptance, demonstrating that the two variables 
are conceptually similar, yet measure different constructs. In 
terms of predictive and incremental validity, the scale dem
onstrated its worth in predicting the frequent use of voice 
assistants among users. The relationship between collabor
ation intensity and the use of multiple voice assistants was 
also significant. However, the effect observed was rather 
small and similar in magnitude to the effect of technology 
acceptance, suggesting that the use of multiple voice assis
tants may be more dependent on external factors (e.g., the 
presence of different systems on different devices) than on 
user-related aspects. The examination of item difficulties 
provides further insights into particularly difficult behaviors, 
such as allowing a VA to make payments, which might 
require a higher degree of trust. Shopping with a VA is dif
ficult because—as we think—it still is quite inconvenient. 
Thus, the distribution of item difficulties can inform the 
design of VA functions to design easy-to-use and trust
worthy systems (e.g., Rheu et al., 2021). Easier items include 
that users take the time to provide new input to the VA 
when it misunderstands them. This indicates that many 
users—even those with medium collaboration intensity— 
show a general willingness to support the system, under
stand its errors and aim to help it improve.

Despite these promising results, the study’s sample was 
relatively homogeneous in terms of age, gender, and educa
tion level, which might limit the generalizability of the find
ings. Prior research has shown that individual differences, 
such as age and gender, can influence technology affinity 
and adoption. For instance, age is weakly negatively related 
to affinity for technology interaction, along with significant 
gender differences, indicating that men tend to show a 
higher affinity than women (Franke et al., 2019). This sug
gests that younger and/or male individuals may engage 
more intensively in human-VA collaboration. However, our 
data showed no significant correlations between age or gen
der and collaboration intensity. Other research also suggests 
that a female gender was associated with higher usage inten
tions of chatbots (Zabel & Otto, 2021), showing that gender 
effects may not be uniform across different technologies and 
should be examined more closely.

To address this limitation, Study 2 was conducted with a 
more diverse sample to ensure the scale’s validity across dif
ferent demographic groups.

6. Study 2

When designing and conducting the study, we ensured com
pliance with ethical standards (APA, 2017; WMA, 2013). As 
described above, no ethical approval was required (Deutsche 
Forschungsgemeinschaft, 2023).

6.1. Sample and procedure

Data were collected between August 24 and September 2 
2021 with the help of a research panel (Respondi, https:// 
respondi.de). Again, participants were informed about the 

study’s purpose, the voluntary nature of their participation, 
and their right to withdraw at any time without providing a 
reason. They then confirmed their consent to participate in the 
study. Participants were incentivized by the market research 
company. The sample was representative of the online German 
population in terms of gender, age, education level, and state. 
To exclude participants, we followed the same rules as in 
Study 1. The resulting sample consisted of N¼ 321 partici
pants, which allows a stable item calibration in Rasch modeling 
(Linacre, 1994). Their ages ranged from 18 to 65 with a mean 
age of 40.84 (SD¼ 13.37), and n¼ 160 were women. 
Regarding the highest level of education attained, the sample 
included 49 participants with a university degree, 48 with a 
high school diploma or equivalent, and 92 with a primary or 
secondary school leaving certificate.

6.2. Measures

If not stated otherwise, all items were assessed using a 5-point 
scale ranging from 1 (do not agree at all) to 5 (fully agree).

6.2.1. Collaboration intensity
We used the 30-item scale obtained from Study 1 to assess col
laboration intensity. All items were assessed on 5-point scales 
to enable participants to make a more nuanced assessment 
(1¼ never, 5¼ very often/always, or 1¼ strongly disagree, 
5¼ strongly agree, respectively). Consistent response categories 
across the scale were chosen to increase simplicity for the user. 
The scores were then dichotomized (cf. Study 1).

6.2.2. Commitment to informational self-determination
The correlation between the Collaboration Intensity Scale and 
the commitment to informational self-determination served as 
an indicator of construct validity. Therefore, 20 items from the 
Informational Self-Determination Scale (B€ucker et al., 2022) 
were used. As described above, the items were dichotomized to 
perform a Rasch analysis. The person separation reliability was 
.68, and an example item is “Before installing a new app or 
program, I check the access rights.”

6.2.3. Openness to experience
A German translation of the openness to experience domain 
from the HEXACO-60 personality inventory (Ashton & Lee, 
2009; Moshagen et al., 2014) was used to measure openness, 
which we hypothesized would be positively related to collabor
ation intensity. A higher expression of this characteristic 
reflects a high level of interest in new experiences, a greater 
willingness to learn something new, and an open-mindedness 
toward unfamiliar situations (Ashton & Lee, 2007). An 
example item is “I’m interested in learning about the history 
and politics of other countries.” Internal consistency was meas
ured with Cronbach’s a (a ¼ .75).

6.2.4. Extraversion
We used 10 items from the HEXACO-60 personality inven
tory (Ashton & Lee, 2009) to assess extraversion as a trait 
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that is related to collaboration intensity. The scale showed 
good internal consistency (a ¼ .76). An example item is “I 
sometimes can’t help worrying about little things.”

6.3. Results

With the data from Study 2, we successfully calibrated the 
Collaboration Intensity Scale based on the Rasch Model. All 
MS Infit Values were between 0.8 and 1.2 and the EAP reli
ability was .88. We examined correlations between collabor
ation intensity and age as well as gender. The correlation 
between the Collaboration Intensity Scale and gender was 
small but significant (r¼−.11, p¼ 0.044), indicating that 
male participants reported a slightly higher collaboration 
intensity than female participants. The correlation between 
collaboration intensity and age was not significant.

6.3.1. Construct validity
We assessed construct validity by computing the correlation 
between the Collaboration Intensity Scale and commitment to 
informational self-determination. At r¼−.19 with p< 0.001 
(−.25 corrected for attenuation), the correlation was weak and 
thus consistent with H2.

6.3.2. Relationships with personality traits
We further tested whether the personality traits openness 
and extraversion are suitable for predicting the Collaboration 
Intensity Scale values in a regression. Table 5 shows the results 
of the multiple regression analysis. The overall model was sig
nificant, F(2, 318) ¼ 5.31, p¼ 0.005, and the proportion of 
variance in collaboration intensity that was explained by open
ness and extraversion (adjusted for the number of predictors) 
was R2

(adj.) ¼ .03. Extraversion emerged as a significant pre
dictor of collaboration Intensity (b¼ 0.13, p¼ 0.022), whereas 
the path from openness to collaboration Intensity was only 
marginally significant (b¼ 0.10, p ¼ 0.064). Therefore, the 
data were partially consistent with H3.

6.3.3. Short scale
Based on the selection criteria described above, we have cre
ated a short 12-item version of the scale that can be applied 
when time constraints are a concern. With a duration of 
approximately one and a half minutes, this short scale allows 
for economic testing, while still demonstrating good reliabil
ity: The EAP reliability was .77, and the person parameters 
of the short scale and the 30 item scale were correlated with 
r ¼ .93 (p< 0.001). The item difficulty distribution of the 
short scale is presented in Appendix B.

6.4. Discussion

The aim of Study 2 was to validate the Collaboration 
Intensity Scale based on a heterogeneous sample, to assess 
its relation to personality traits, and to select items for a 
short scale. The internal validation of the 30-item scale 
showed a high reliability and item difficulties were distrib
uted similarly to study 1. Based on these results, 12 items 
were selected for a short scale with a good reliability. 
Construct validation revealed a negative correlation between 
our scale and commitment to informational self-determination, 
which was in line with our expectations. B€ucker et al. (2022) 
found that informational self-determination was negatively 
associated with the actual disclosure of personal data, which 
is—to some extent—necessary for the intensive use of voice 
assistants. This correlation raises questions about how users 
balance convenience and privacy when engaging with these 
technologies. Do users with a high collaboration intensity 
develop strategies to mitigate privacy risks, or do they trust the 
voice assistant more, and accept potential risks?

We further assessed the relation between the traits of 
openness and extraversion with collaboration intensity. 
Openness to experience exhibited a marginally significant 
relationship with collaboration intensity. Previous studies on 
technology acceptance and use found a positive relation 
with openness (e.g., Joshi et al., 2023; Svendsen et al., 2013), 
whereas studies on the relation between openness and atti
tude towards AI present mixed findings—some studies 
found small positive correlations (Bergdahl et al., 2023; 
Sindermann et al., 2022), while others found no correlation 
(e.g., Schepman and Rodway, 2023). In terms of VAs, open
ness could have a greater influence on the initial decision to 
use a new technology (i.e., the question of whether to try it 
out at all) than on the actual collaboration with such a system. 
Extraversion emerged as a significant predictor of collaboration 
intensity. This personality trait, which is related to stronger 
social interactions (Argyle & Lu, 1990), thus also seems to 
shape the desire to interact and collaborate with nonhuman 
(but voice-based) systems, indicating that the construct of col
laboration intensity differs from technology acceptance and 
use, as it incorporates social aspects of the collaboration.

7. General discussion

The aim of this study was to develop a behavioral scale for 
measuring human-voice assistant collaboration Intensity. 
The scale, which was based on IRT, provides a novel 
approach for understanding individuals’ collaboration inten
sity by assessing collaboration behaviors and can contribute 
to the existing research in the field of human-computer 
interaction in the following ways. First, we developed and 
validated a novel scale that can reliably measure human- 
voice assistant collaboration intensity in different test set
tings: (a) a 30-item version, (b) a short scale with 12 items 
for economic testing, and (c) the possibility to use the entire 
pool of 70 items for an adaptive test. Our results demon
strate construct validity and predictive validity, and we 
found a positive relation between extraversion and collabor
ation intensity, which indicates that collaboration with voice 

Table 5. Regression analysis predicting collaboration intensity from openness 
and extraversion.

B SE(B) b t p

Constant −1.67 0.53 −3.14 0.002
Openness 0.24 0.13 0.10 1.86 0.064
Extraversion 0.31 0.13 0.13 2.31 0.022

Note. R2
(adj.) ¼ .03.
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assistants can be distinguished from technology acceptance and 
use at the construct level and that the former also contains 
social aspects. Second, by applying IRT, the scale allows for the 
precise assessment of individuals based on their intensity to col
laborate with VAs and enables item-level analyses to identify 
areas where collaboration might still be difficult for users. Those 
findings contribute to the literature on technology acceptance 
(Venkatesh et al., 2003; Venkatesh & Davis, 2000) by providing 
nuance to the backend (i.e., behavior) of traditional technology 
acceptance models that usually just measure use (intention) in a 
general way. Furthermore, IRT enables the scale to be extended, 
thus, new developments in the field of VAs can be taken into 
account. While our scale focuses on voice-based collaboration 
technology, our scale can be easily adapted or extended to col
laborations with other robot types such as embodied social 
robots (Blaurock et al., 2022) or AI-enabled mobile devices 
(Epstein, 2015; Goodrich & Schultz, 2007). The current fast 
paced development of generative AI increases and normalizes 
easy collaboration of humans and different types of robots (incl. 
VAs) through natural language. Our items cover behaviors that 
are easily exhibited with other types of robots. For example, 
accepting a suggestion (item 29) or asking several times before 
deciding (item 17) could also apply to human-robot collabor
ation with healthcare or manufacturing robots (Goodrich & 
Schultz, 2007). Third, the scale focuses on actual and past col
laboration behaviors, thereby allowing for a more objective 
measurement of the construct in comparison with self-report 
attitude measures (Otto et al., 2018).

7.1. Practical implications

Applying the Collaboration Intensity Scale has several prac
tical implications. By determining the difficulty of a collab
oration behavior, it is possible to predict whether a given 
individual (e.g., someone with a moderate collaboration 
Intensity) would likely engage in similar behaviors in the 
future (i.e., whether they would use comparable technologies 
or features). This knowledge can inform the design and 
implementation of VAs, CAs, and other collaborative tech
nologies which are rapidly emerging in the past two years 
since the launch of ChatGPT in November 2022. By reduc
ing barriers and implementing more features that are easy 
to use, developers can improve the overall user experience 
and, in turn, it is likely that users will show more collabora
tive behaviors and, in so doing, support technology 
improvement. Additionally, our scale may provide informa
tion about potential biases in the design of voice assistants. 
The analysis of interindividual differences in collaboration 
intensity could help to identify functions which are less 
accessible for certain user groups. Collaboration intensity 
data could also be used to design VAs with levels of collabor
ation tailored to the users’ preferences and behavioral patterns. 
Human-AI collaboration varies from simple substitution 
through AI to augmentation—where AI and humans comple
ment one another and strengthen each others’ strengths—to 
fully integrated assemblages—where AI and humans function 
as a dynamic unit (Dellermann et al., 2019; Maedche et al., 
2019). By considering users’ collaboration intensity, developers 

can optimize the collaboration, ensuring that AI-based systems 
support users in decision-making processes in a way that is 
aligned with their comfort levels and expectations. Moreover, 
in the workplace context, identifying employees’ collaboration 
intensity might be helpful for increasing person-job fit, as the 
Collaboration Intensity Scale can help identify individuals who 
are likely to be comfortable collaborating on tasks with collab
orative technology. Assigning individuals with high collabor
ation intensity to tasks that require intensive collaboration with 
a VA (and potentially collaborative technologies in general) 
can facilitate the collaboration and might even result in higher- 
quality work outcomes. For example, there are multiple use 
cases for VA in machine maintenance, allowing mechanics to 
convey with VAs to analyze the problem while having their 
hands free to work on the machines (Purplescape, 2022).

Beyond promoting collaboration intensity, it is important 
to ensure that data protection measures of VAs are transpar
ent and manageable for users. Given that users with a high 
collaboration intensity may be more likely to share personal 
data, it raises ethical concerns in terms of increased power 
of and dependency on such systems, requiring sufficient cor
porate digital responsibility (CDR) of the technology provid
ing companies (e.g., Wirtz et al., 2023) and regulatory 
frameworks to protect users’ information without restricting 
their ability to engage with VAs.

7.2. Limitations and future research directions

The study’s design presents some limitations that may be 
addressed by future research. The scale is specifically designed 
for individuals who already use VAs, thus, it might not cap
ture the full spectrum of collaboration intensity with VAs and 
collaborative intelligence in general. It would therefore be use
ful to extend the scale to other collaborative technologies such 
as chatbots, embodied robots, or AI-supported workplace tools. 
Given that different AI systems vary in their interactivity, it is 
important to investigate whether there is a general propensity 
to collaborate with such systems which results in a higher col
laboration intensity. Future research might thus expand the 
scale to other forms of collaborative intelligence or different 
contexts such as collaboration with AI tools or collaboration 
with embodied robots in education). Also, in its current form, 
the scale might be too difficult. Hence, including items that 
address collaboration with other CAs (e.g., chatbots) could 
improve the accessibility and applicability of the scale. As the 
pervasiveness of AI systems (e.g., VAs) is continuously increas
ing, it is likely that the scale will become easier in the future 
(in the sense that more people will agree with the items), as 
more users collaborate more intensively with conversational 
agents. To assess this assumption, the scale could be integrated 
into longitudinal assessments to examine changes in collabor
ation intensity over time.

A potential limitation is the dichotomization of responses, 
which reduces granularity in Collaboration Intensity. This 
trade-off was deliberate, as behavioral self-reports often 
suffer from inconsistencies in frequency-based responses, thus, 
dichotomization was used to reduce measurement error (e.g., 
Kaiser & Lange, 2021). While future research could explore 
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alternative methods (e.g., a Partial Credit Model), our 
approach allows a robust assessment of collaboration intensity.

As in this study we only examined validity cross-sectionally, 
it would be beneficial to examine the predictive validity of the 
scale in terms of non-self-reported actual behavior (i.e., object
ively measured VA use behavior). Even though self-reports of 
actual behaviors tend to be less biased than attitudinal self- 
reports (Otto et al., 2018), future studies could complement 
this approach by incorporating objective data such as log data 
from voice assistants. Such an exploration would help deter
mine the extent to which the scale can accurately predict users’ 
engagement with voice assistants in real-life situations. 
Additionally, besides openness and extraversion which were 
assessed in the study, future research could explore the role of 
other personality traits that have been found to relate to atti
tude towards other AI technologies (e.g., Honesty-Humility; 
Zabel et al., 2025) in driving user engagement with voice assis
tants. Moreover, further research is needed to explore the con
sequences of high collaboration intensity. For example, is it 
related to the performance of the human-VA dyad in co-cre
ative tasks or to the satisfaction of the human agent? And 
could high collaboration intensity also have negative effects 
(e.g., with regard to the disclosure of data)? Particularly, future 
studies could investigate whether users with high collaboration 
intensity are more susceptible to persuasion through CAs, or 
to over-reliance on their recommendations. Additionally, future 
studies should focus on the interplay between the user’s and 
the system’s contributions and their relation to an effective col
laboration (e.g., Xue et al., 2024).

Finally, both studies were conducted in Germany. While 
Study 2 included a heterogeneous sample, access and use of 
voice assistants may systematically vary across different soci
oeconomic groups, geographic locations, and people with 
different cultural backgrounds. Previous studies suggest that 
demographic factors such as age and gender, as well as 
interindividual differences in technological affinity, can 
influence technology adoption and interaction patterns 
(Attig & Franke, 2019; Franke et al., 2019). Our results show 
a small negative correlation between gender and collabor
ation intensity in study 2, but not in study 1, and no signifi
cant correlations between age and collaboration intensity in 
both studies. Future research should explore demographic 
and cross-cultural differences in VA adoption.

8. Conclusion

The Collaboration Intensity Scale enhances our understanding 
of how individuals interact with collaborative intelligence sys
tems, such as VAs, and the individual differences in their con
tributions to a collaboration with such systems. Given the 
widespread use of conversational agents in various contexts 
and their dependence on user collaboration for continuous 
improvement, having a reliable measurement approach is help
ful for evaluating and enhancing collaboration with these sys
tems. By developing a scale for measuring human-VA 
collaboration intensity, we contribute a useful tool for under
standing individual differences in user-VA collaboration, which 
may also be used to predict future collaboration intensity.
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Appendix A 

Table A1. Item difficulties and MS infit for the full item Pool (70 items).

Category d MS infit

I have my voice assistant pay for me. active engagement 5.12 0.93
I call a taxi with the help of my voice assistant. active engagement 4.01 0.96
I use my voice assistant to get food delivered. active engagement 3.71 0.89
I book a hotel or flight with the help of my voice assistant. active engagement 3.45 0.91
I bought paid apps for my voice assistant. reciprocal strength enhancement 3.30 0.92
I order products over the Internet directly through my voice assistant. active engagement 2.34 0.88
I schedule appointments for my family with my voice assistant. reciprocal strength enhancement 2.33 0.90
I renamed my voice assistant. process and/or outcome control 2.23 1.01
I use my voice assistant to engage in conversations in a foreign language. reciprocal strength enhancement 2.01 0.92
I use my voice assistant to find a photo from a specific day or place more quickly. reciprocal strength enhancement 1.95 0.91
I use my voice assistant to adjust the lights in my vehicle. active engagement 1.90 0.91
I use my voice assistant to suggest leisure activities. active engagement 1.80 0.90
By using my voice assistant, I forget how to perform the tasks myself. reciprocal strength enhancement 1.70 1.03
I use my voice assistant for work. reciprocal strength enhancement 1.41 1.02
I have instructed my voice assistant to address me by my nickname. transparency 1.33 1.10
I use my voice assistant to control the heated seats in my car. active engagement 1.15 0.98
I use my voice assistant while watching a series, film, etc. (e.g., start, stop, fast-forward, and 

rewind).
control 1.10 0.86

I use my voice assistant to control the air conditioning in my vehicle. active engagement 0.98 1.05
I have my voice assistant solve computing tasks. active engagement 0.96 0.92
I have my voice assistant suggest gas stations/charging stations to me. active engagement 0.93 0.95
I use my voice assistant to suggest restaurant alternatives nearby. active engagement 0.90 0.91
I dictate messages to my voice assistant and allow it to send them. process and/or outcome control 0.85 1.00
I dictate messages to my voice assistant and send them myself afterwards. process and/or outcome control 0.77 1.05
I use my voice assistant to create my shopping list. reciprocal strength enhancement 0.72 0.82
I have my voice assistant read out my messages (e.g., WhatsApp, SMS, e-mails). active engagement 0.69 1.06
Before I ask anyone else, I ask my voice assistant. active engagement 0.63 0.95
I ask my voice assistant several times before making a decision. process and/or outcome control 0.53 1.08
I check the data recorded by my voice assistant. transparency 0.38 1.26
I use my voice assistant in public. active engagement 0.34 0.95
I have my voice assistant check the weather at my destination while I’m in the car. active engagement 0.25 1.00
I have my voice assistant add appointments to my calendar. reciprocal strength enhancement 0.15 0.80
I ask my environment to be quiet when I talk to my voice assistant. none 0.12 1.19
I have my voice assistant translate words for me so I can learn. reciprocal strength enhancement 0.08 0.93
I operate my smart home applications via my voice assistant (e.g., shutters, lights, heating). reciprocal strength enhancement 0.08 0.97
The way I treat my voice assistant is similar to the way I treat a human counterpart (e.g., 

talk, interact).
none 0.01 1.08

I set up a personal voice profile so my voice assistant recognizes who is talking to it. process and/or outcome control, 
transparency

0.00 1.03

I say only the most necessary things to my voice assistant. active engagement −0.03 0.86
I ask my voice assistant for the latest news. active engagement −0.12 0.84
I activate a radio channel via my voice assistant. active engagement −0.41 0.96
I discontinue the application if, in my opinion, my goal is not achieved. process and/or outcome control −0.52 1.29
I make the final decision when my voice assistant makes a suggestion. process and/or outcome control −0.58 1.45
I tell my voice assistant to add something to my to-do list or create a reminder. active engagement −0.59 0.86
I am willing to let my voice assistant access even more of my data than what is currently 

possible in order to use functions that are not yet available.
transparency −0.59 1.02

If my voice assistant does not understand my instructions directly, I do it myself. process and/or outcome control −0.59 1.15
I allow my voice assistant to access all my personal data. transparency −0.59 0.98
I use my voice assistant to set my alarm. active engagement −0.68 0.90
I allow my voice assistant to analyze my speech so the system can evolve. reciprocal strength enhancement, 

transparency
−0.71 1.01

I ask my voice assistant when I don’t know something and thus learn new things. reciprocal strength enhancement −0.75 0.96
If I want to research something, I use my voice assistant to do so. active engagement −0.76 0.96
When I hear a song I like, I use my voice assistant to find out the name of the song. reciprocal strength enhancement −0.84 0.95
I use my voice assistant for navigation. reciprocal strength enhancement −0.91 1.04

(continued)
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Appendix B 

Table A1. Continued.

Category d MS infit
When I’m driving a car, I use my voice assistant to call someone. active engagement −0.92 1.04
I keep my voice assistant permanently turned on. transparency −1.03 0.93
I grant my voice assistant access to my contacts. transparency −1.35 1.07
I allow my voice assistant to access my location. transparency −1.46 0.86
I ask my voice assistant about the weather. active engagement −1.52 0.81
I have my voice assistant play music playlists for me. active engagement −1.55 0.99
I use my voice assistant to set my timer (e.g., when cooking or exercising). active engagement −1.61 0.91
I allow my voice assistant to access other apps (e.g., WhatsApp, Spotify) and my web 

activities.
transparency −1.71 1.02

I turn off my voice assistant after every use. transparency −1.83 0.93
I accept my voice assistant’s suggestions. process and/or outcome control −1.91 1.04
If my voice assistant misunderstands me, I take the time to give it new input. reciprocal strength enhancement −2.01 1.06
I am satisfied with my voice assistant and would like to use it in the long term. none −2.06 0.76
Sometimes when my voice assistant gives me a suggestion, I make a different decision. process and/or outcome control −2.26 1.17
I activate my voice assistant manually. active engagement −2.27 1.17
I activate my voice assistant by voice command. active engagement −2.41 0.82
I would recommend the voice assistant to my acquaintances. None −2.47 0.76
I question my voice assistant’s answer and search again myself. process and/or outcome control −2.70 1.20
I find it easy to operate my voice assistant. none −4.63 1.05
I give false information to my voice assistant to protect my data/privacy. transparency −5.83 0.80

Note. Items in italics are reversed. Some items fit into more than one category. In this case, the items were assigned to the category to which they fit best.

Table B1. Distribution of item difficulty and MS infit values for the short scale in study 2.

Category d MS Infit

I have my voice assistant pay for me. AE 3.92 0.58
I call a taxi with the help of my voice assistant. AE 3.11 0.65
I use my voice assistant while watching a series, film, etc. (e.g., start, stop, fast-forward, and rewind). C 2.00 0.79
I use my voice assistant to suggest restaurant alternatives nearby. AE 1.42 0.91
I dictate messages to my voice assistant and allow it to send them. C 1.41 0.92
I allow my voice assistant to access all my personal data. T 1.16 0.92
I ask my voice assistant when I don’t know something and thus learn new things. RS −0.72 0.98
I grant my voice assistant access to my contacts. T 0.47 0.90
I use my voice assistant to set my timer (e.g., when cooking or exercising). AE −0.15 0.99
I allow my voice assistant to access other apps (e.g., WhatsApp, Spotify) and my web activities. T 0.13 0.94
I accept my voice assistant’s suggestions. C 0.17 0.87
If my voice assistant misunderstands me, I take the time to give it new input. RS −0.51 0.96

Note: AE refers to the category active engagement, RS means reciprocal strength enhancement, T refers to transparency and C to process and/or outcome 
control.
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