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This study aimed to develop an evaluation tool that assesses the use of AI-based decision support systems (DSSs) in professional practice from a human-centered perspective. Following the International Organization for Standardization, this perspective aims to ensure that the use of interactive technologies improves users' psychological load experience and behavior, e.g., in the form of reduced stress experience or increased performance. Concomitantly, this perspective attempts to proactively prevent or detect and correct the potential negative effects of these technologies on user load, such as impaired satisfaction and engagement, as early as possible. Based on this perspective, we developed and validated a questionnaire instrument, the Psychological Assessment of AI-based DSSs (PAAI), for the user-centered evaluation of the use of AI-based DSSs in practice. In particular, the instrument considers central design characteristics of AI-based DSSs and the corresponding work situation, which have a significant impact on users' psychological load. The instrument was tested in two independent studies. In Study 1, N = 223 individuals were recruited. Based on the results of item and scale analyses and an exploratory factor analysis, the newly developed instrument was refined, and the final version was tested using a confirmatory factor analysis. Findings showed acceptable-to-good fit indices, confirming the factorial validity of the PAAI. This was confirmed in a second study, which had N = 471 participants. Again, the CFA yielded acceptable-to-good fit indices. The validity was further confirmed using convergent and criterion validity analyses.
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1. Introduction

Professionals have to make various decisions during the course of their work. For example, asset managers must choose between various investment options, whereas lawyers have to decide on a possible defense strategy for a particular case. For a decision to be made, a conscious and voluntary choice must be made among several alternative courses of action by comparing, considering, and evaluating them based on available data, information, and knowledge (Büssing et al., 2004; Rau et al., 2021). Owing to the growing amount of data and information in our increasingly digitalized and globalized world, decision-making processes have become very complex across various professions (Latos et al., 2017; van Laar et al., 2017; Timiliotis et al., 2022). For many, keeping a track of all relevant new data and information when making decisions and placing them in the context of existing knowledge poses a great challenge (Timiliotis et al., 2022). The amount of available data in some areas has become so vast that it cannot be processed by humans, as it simply exceeds their information processing capacity (Koltay, 2017; Saxena and Lamest, 2018; Shrivastav and Kongar, 2021). Moreover, in everyday work, highly complex decision-making situations are often complicated by stressors, like an elevated time and performance pressure. Such challenges and, for many professionals, overstraining decision-making situations lead to higher levels of uncertainty, stress, and lower decision quality (Phillips-Wren and Adya, 2020). They also affect, for example, job satisfaction (Nisar and Rasheed, 2020) and organizational productivity (Miller and Lee, 2001; Vosloban, 2012).

Although the intensification of digitization and globalization leads to increased risks for companies and professionals, it also opens up new opportunities. For example, the accumulation of data, both in terms of quantity and quality, has enabled impressive improvements in the field of artificial intelligence (AI), which helps in the development of extremely powerful algorithms (Nicodeme, 2020). They are often based on machine-learning models, which are more scalable and flexible than traditional statistical models (Rajula et al., 2020), making them appropriate tools for today's dynamic and complex work environments. For problems such as those described above, researchers have acknowledged the particular great potential of the use of AI-based decision support systems (DSSs; see Brynjolfsson et al., 2011; Cai et al., 2019; Shin, 2020; Tutun et al., 2023), which are often referred to as Augmented Intelligence Systems (Jarrahi, 2018; Hassani et al., 2020; Walch, 2020; Kim et al., 2022). As the name suggests, these systems are designed to augment, and not replace, humans in complex decision-making situations by taking over specific task components, like processing big data, which are difficult for human intelligence to handle. In professional practice, this looks like this: AI-based applications analyze the huge amounts of data and information available and make hidden patterns in the data accessible to humans in the form of insights or concrete recommendations for action (Konys and Nowak-Brzezińska, 2023). Humans are free to decide whether to follow the system's recommendation. Thus, humans remain the central element in the interpretation and verification of AI-based systems, resulting in complex decision-making situations and continued sovereignty over the final decisions and associated actions (Hellebrandt et al., 2021). This is pivotal because even though there are powerful algorithms behind AI-based DSSs, they also have limitations and weaknesses like overfitting, lack of transparency, and biases (Pedreschi et al., 2019). Humans can compensate for these weaknesses through their inherent strengths and mental acumen (e.g., critical thinking, creativity, and intuition; Spector and Ma, 2019; Wilkens, 2020). Hence, the introduction of augmented intelligence systems ideally leads to a synergetic interaction between human and machine intelligence, which helps professionals to better handle increased cognitive demands (Kirste, 2019). Consequently, they feel appropriately challenged and less burdened in work-related decision-making situations (Cai et al., 2019), which is reflected, for example, in their higher task performance (Li et al., 2021). From a business perspective, the improved decision-making process should, for example, lead to increased company's performance (Brynjolfsson et al., 2011). To summarize, the introduction of an AI-based DSS should create a mutually beneficial scenario for professionals and their companies.

However, it has been noted that many AI initiatives have failed to achieve their objectives. This can be attributed to several reasons, including technical challenges like insufficient databases, organizational failures like inadequate expectation management, and failed system design. For example, users often cannot find a new system that is sufficiently useful or transparent, making them unwilling to use the system (Westenberger et al., 2022). To avoid this, since 2019, the International Organization for Standardization (ISO) has advocated the adoption of a human-centered design approach in the development of interactive systems such as AI-based DSSs. The approach “aims to make systems usable and useful by focusing on users, their needs and requirements, and applying knowledge and techniques from the fields of human factors/ergonomics and usability. This approach increases effectiveness and efficiency; improves human wellbeing, user satisfaction, accessibility, and sustainability; and counteracts the potential negative effects of use on human health, safety, and performance” (ISO International Organization for Standardization, 2019). To achieve this, the ISO International Organization for Standardization (2019) recommends an organizations' active user involvement throughout the development process and follows a four-step design process: (1) understanding and describing the context of use, (2) specifying user requirements, (3) developing design solutions, and (4) evaluating the design solutions. The fourth step of evaluation plays a decisive role in this process. Here, the success of the project is determined; if not successful, stakeholders can study the concrete modification measures required and process steps that must be repeated. However, when assessing success, the ISO International Organization for Standardization (2019) also underpins the importance of observing not only whether system introduction has led to the intended effects but also whether possible negative, unintended side-effects have occurred.

Based on previous project reports, it is evident that it is common for the introduction of AI-based systems to lead to negative, unintended side-effects. For example, in a case study in the banking sector, Mayer et al. (2020) observed that the introduction of an AI-based system in the lending department led to a perceived loss of competence and reputation among system users. To derive appropriate actions in cases where unintended outcomes occur and in those where desired outcomes are not achieved, it is necessary to gain an accurate understanding of the impact of a new system (and its individual characteristics) on the relevant work situation and its users. This consideration is particularly important when an AI-based DSS is assisting with a core activity, and showcases that the introduction of AI-based DSSs carries particular weight in influencing the user's load experience—both in desirable and undesirable ways. A well-known example of this is related to service and customer support professionals, whose core activity is dealing with customer issues on a daily basis. These professionals now increasingly have access to AI-based DSSs that assist them with a relatively high degree of automation: it provides them with concrete suggestions for actions regarding the requests made by customers. In this scenario, the need for a thorough and comprehensive evaluation of system implementation is undeniable. However, practical evaluation instruments considering this holistic perspective are currently lacking. The available assessment methods comprise either (a) user experience surveys, which enable the evaluation of the impact of specific system properties on users (e.g., SUS, Bangor et al., 2008; Perceived Usefulness and Ease of Use scales, Davis, 1989; meCue, Minge et al., 2017) or (b) job analyses, which allow a comprehensive examination of the influence of new technologies as a whole on task design (e.g., WDQ, Morgeson and Humphrey, 2006; TBS-GA(L), Rudolph et al., 2017; FGBU, Dettmers and Krause, 2020). However, to the best of our knowledge, there is currently no specific practical assessment tool for evaluating the use of AI-based DSSs and that effectively combines both levels of consideration (i.e., user experience and job analyses). Therefore, this study aims to close this gap by developing and validating a questionnaire instrument that not only captures the properties of an AI-based DSS but also the characteristics of the corresponding work situation, thus providing a holistic evaluation framework.



2. Conceptualization and use of the evaluation instrument

The newly developed evaluation questionnaire, called Psychological Assessment of AI-based DSSs (PAAI), is based on the core idea of many occupational psychology models (e.g., the job demand control model, Karasek, 1979; the Stress-Strain model, Rohmert., 1984; the Transactional Model of Stress and Coping, Lazarus and Folkman, 1984; and the Action Regulation theory, Hacker, 1978). These models describe that when assessing work tasks, a distinction should be made between work characteristics (trigger factors) and the resulting psychological load (trigger reactions) experienced by professionals. Work characteristics include all identifiable aspects of a task, such as complexity, social environment, and work equipment, which affect human engagement in the task. The immediate impact of psychological work characteristics on an individual, considering one's internal (e.g., intelligence) and external resources (e.g., social support), is referred to as psychological load. Depending on the alignment between psychological work characteristics and individual resources, the psychological load can be positive (e.g., activation and flow experience) or negative (e.g., mental overload and stress). Persistent psychological load has medium- and long-term consequences, including positive outcomes, like satisfaction and wellbeing, or negative outcomes, like dissatisfaction and reduced performance (ISO International Organization for Standardization, 2019).

From the above-mentioned perspective, the introduction of a new work tool (e.g., an AI-based DSS) can be perceived as a new work task characteristic that should help to alleviate user psychological overload. Following Hacker (1978) hierarchical levels of technology-based tasks, this impact on psychological load can occur at three levels (see Figure 1).
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FIGURE 1
 The basic model of the assessment instrument psychological assessment of AI-based decision support systems (PAAI).


First, the immediate interaction with the system can trigger a psychological response in the user. Depending on the design of the system and the user's resources (e.g., technical knowledge), this can be positive (e.g., enjoyment), or negative (e.g., irritation). Previous research on conventional information systems and DSSs show which design features are particularly influential for user experience (see Venkatesh and Davis, 2000; Calisir and Calisir, 2004; Alshurideh et al., 2020). These findings also apply to AI-based DSSs (see Henkel et al., 2022; Meske and Bunde, 2022). However, since they differ from conventional DSSs in their probabilistic nature and black-box character (Zhang et al., 2020; Jussupow et al., 2021), related design features must also be considered in this case. Section 2.1 provides an overview of the traditional as well as the specific characteristics that current research suggests promote positive human-augmented intelligence interactions.

Second, the implementation of AI-based DSSs can influence users' psychological load regarding the entire processing of the task supported by the system. To this end, they are implemented to support their users in task processing and to handle other—in this case unfavorable—work characteristics (e.g., information overload). Thus, DSSs can and should reduce, for example, user uncertainty and stress in task processing. DSSs based on AI methods are currently seen as particularly promising tools for this purpose. This is because their extremely powerful algorithms enable them to capture both highly complex and dynamic problems (Kirste, 2019; Kim et al., 2022). However, it is likely that the great power of the systems will not only have a direct impact—by providing immediate support in decision-making situations—but also an indirect impact on the psychological load of users. Because they also have a great potential—targeted or untargeted—to change the character of the supported work tasks from the professionals' point of view, which in turn determines their load experience. This kind of change is desirable when, for example, it enables professionals to perceive previously overwhelming tasks as less complex and therefore less stressful. On the other hand, unintended consequences can occur if, for example, employees perceive fewer opportunities for further learning and, as a result, the personality-enhancing aspect of the work activity is lost.

Third, to make the levels of consideration complete, the introduction of an AI-based DSS should also be considered from the overall job perspective. This is because the introduction of an AI-based DSS can also potentially affect cross-task work characteristics, consequently affecting the psychological load of users in relation to their jobs as a whole. For example, recent research shows that professionals can feel threatened in their jobs by the introduction of new technologies (Gimpel et al., 2020); for example, this may occur if new technologies cause them to perceive their jobs as less future-proof (Lingmont and Alexiou, 2020).

To sum up, the introduction of an AI-based DSS can influence the psychological load of users (and the associated consequences) at three different levels: (1) during immediate human-AI interaction, (2) during processing of the supported task, and (3) during executing the entire job. Since the three levels are interrelated, they should all be considered in an evaluation of these systems. During the evaluation, it may turn out that the users' psychological load or related consequences on one or more levels deviate from the desired result, or it may be grasped that further optimization potential remains to be identified. In these cases, it is advisable to first take a closer look at the lowest level, examining its characteristics and derive possible required modification needs. Thereafter, the other levels can be gradually included in the analysis. In this way, the need for action can be identified from a more specific to a more general level.

Moreover, if the various work characteristics are surveyed both as part of a one-time measurement after its introduction and before system introduction, the evaluation can also examine how these have changed as a result of the initiative. Thus, all effects of system introduction—including unintended side-effects—can be precisely tracked and easily corrected if necessary. In practice, this means that the system evaluation can be applied both as part of a one-time measurement or in the form of a pre-post measurement, depending on the exact purpose of the evaluation. In the next section, we provide discussions on level-specific characteristics that (a) have a significant impact on the psychological load of professionals and (b) are closely associated with the implementation of AI-based DSSs. They form the assessment measures in the PAAI.


2.1. Level 1: human-AI-interaction

At the finest level of consideration, the focus is on the individual design characteristics of AI-based DSSs that strongly influence users' psychological load during their interactions with the system and their willingness to use it in the first place. The best-studied and most important characteristics that all types of information systems should satisfy—and thus the characteristics that are most consistently evaluated—are Perceived Usefulness and Perceived Ease of Use, as described in the Technology Acceptance Model (Davis, 1989). When evaluating these two factors for AI-based DSSs, it is also important to consider the unique properties of these systems, which significantly influence user perceptions of Perceived Usefulness and Perceived Ease of Use.

More specifically, the Perceived Usefulness of a system is strongly influenced by its information quality (Machdar, 2019) and thus, in the case AI-based DSSs, by the accuracy of the system. This is because, as mentioned earlier, AI-based DSSs operate on a probabilistic basis, meaning that there is no absolute guarantee that a system result will be correct (Zhang et al., 2020). Thus, in order for users to experience systems as valuable and trustworthy, they must provide correct results with the highest possible probability (Shin, 2020). Therefore, when evaluating the Perceived Usefulness of AI-based DSSs, it is important to ask directly about the perceived quality of the system output, in addition to considering other conventional and concrete design features, such as the task-technology fit of the system (Goodhue and Thompson, 1995).

The Perceived Ease of Use of an AI-based DSSs, as with conventional DSSs, is generated by design features such as self-descriptiveness (ISO International Organization for Standardization, 2020) and simplicity (Lee et al., 2007). AI-based DSSs should also pay particular attention to ensuring that the system output is presented in a way that is easy to understand (Henkel et al., 2022). The aforementioned probabilistic nature of AI systems can make it difficult for users to correctly interpret system output; research in cognitive psychology has shown that humans often have difficulty correctly understanding probabilities, which lead to increased misjudgments (Anderson, 1998). Therefore, to facilitate good user interactions, it is necessary to create intuitively designed interfaces and present results in a human-centered way to reduce the risk of misinterpretation.

In addition to the peculiarity of the probabilistic nature and associated uncertainty of AI-based DSSs, they differ from conventional systems that they develop their own programming rules. Their algorithmic mechanisms for model generation are therefore not transparent (Jussupow et al., 2021). As a result, the underlying logic of these systems is often referred to as a black-box model (Kraus et al., 2021). The lack of information about why an AI-based system operates in a certain way also complicates the interpretation of system outputs. Therefore, an increasing number of AI-based DSSs provide additional explanations using Explainable AI (XAI) methods. These relate to how an AI-based system arrives at its output and what goes into that output (Arrieta et al., 2020). However, a failure to sufficiently perceive these explanations as comprehensible can negatively impact trust and acceptance of AI-based DSSs (Shin et al., 2020), as well as the cognitive effort required for decision-making (Meske and Bunde, 2022).

Freely accessible AI assistance systems, like ChatGPT (https://chat.openai.com) and DeepL (https://www.deepl.com/translator), are increasingly bringing AI to the forefront of public awareness. Simultaneously, our own interactions with these cloud-based solutions highlight the criticality of their reliable accessibility, particularly in hectic working situations. Frequent unavailability (e.g., due to overwhelming user demand) can lead to stress (Körner et al., 2019). Therefore, Perceived Availability is also a central influencing factor of user experience.

Table 1 provides an overview of what existing research has revealed about the influences of the four system characteristics—Perceived Usefulness, Perceived Ease of Use, Perceived Comprehensibility, and Perceived Availability—on users' psychological loads. Below, a detailed description of each construct considered in the inventory is presented.


TABLE 1 PAAI's Level 1 assessment criteria and their influence on professionals' psychological load.

[image: Table 1]

Perceived Usefulness refers to the extent to which an individual believes that using an AI-based DSS improves decision-making effectiveness and efficiency (Davis, 1989; Krieger and Lausberg, 2021). To perceive a system as useful, a high task suitability must be perceived by the users, which implies that the system meets the specific requirements of the task it supports (Goodhue and Thompson, 1995; Klopping and McKinney, 2004). Furthermore, the system must provide high-quality information and deliver accurate, timely, complete, and relevant results (Gorla et al., 2010; Hsiao et al., 2013; Atta, 2017; Machdar, 2019).

Perceived Ease of Use encompasses the extent of effortlessness of use of an AI-based DSS as perceived by individuals (Davis, 1989). To achieve this, systems should be designed with clear functions and user-friendly interfaces to ensure that the system output is easy to understand (Doshi-Velez and Kim, 2017; Iriani and Andjarwati, 2020; Sati and Ramaditya, 2020). Additionally, simplicity should be prioritized in system design, which can be achieved through the reduction, organization, integration, and prioritization of system features (Lee et al., 2007).

Perceived Comprehensibility includes individuals' perceptions of the extent of their clear understanding of reasons for the output generated by the system (Coussement and Benoit, 2021). To achieve this, it is advantageous to provide both general model explanations, which elucidate functional relationships between the input and output variables, and specific explanations, which aid in understanding individual data-related outputs (Kraus et al., 2021). The users should not be overwhelmed with excessive system details; instead concise and effective information should be offered that enables them to effectively utilize the system within their task environment (Mercado et al., 2016).

Perceived Availability encompasses the extent to which individuals perceive the content of a system as reliably accessible and retrievable. Usually, this is affected by factors such as the frequency of unexpected system updates, system crashes, error messages, and technical problems (Körner et al., 2019).



2.2. Level 2: AI-supported task

At the second evaluation level, along with the system characteristics discussed at Level 1, specific task characteristics of the supported tasks were considered. To facilitate the evaluation process, three broad groups of task characteristics were identified: requirements, resources, and stressors (Iwanowa, 2006). The task characteristics considered in the inventory for each of these groups are discussed in detail below, and they have the following common traits: (a) they have a significant impact on the psychological load of professionals and (b) it is very likely that the introduction of AI-based DSSs will affect them directly or the way professionals interact with them (see Table 2).


TABLE 2 PAAI's Level 2 assessment criteria and their influence on professionals' psychological load, and the potential influence of AI-based DSSs on these criteria.
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2.2.1. Requirements

The group of requirements includes all work characteristics that professionals must meet in order to successfully and effectively perform their work tasks. Therefore, requirements are inherent to the nature of the task and unavoidable. In general, the characteristics of this group are considered positive and beneficial for personality development per se, but only as long as they fit individual resources of the jobholder. Otherwise, it leads to psychological underload or overload (Iwanowa, 2006; Semmer and Zapf, 2018). Two requirements were considered in the developed inventory: Perceived Complexity and Decision-making Requirements and Perceived Cooperation and Communication Requirements.

Perceived Complexity and Decision-making Requirements refer to the perceived level of mental demand of a task. It can be categorized into various levels, ranging from routine activities with rehearsed mental requirements to activities requiring productive thinking and problem-solving (Hacker, 2016). Decision-making is a component of complex tasks, and its degree can be assessed by various measures like the number of variables involved (Stemmann and Lang, 2014).

Perceived Cooperation and Communication Requirements involve the perceived need to inform and coordinate with colleagues. It includes factors like the duration of communication, number of partners involved, mode of communication (direct or indirect), and content, like information sharing, instruction dissemination, and collaborative problem-solving (Richter et al., 2014). These requirements are often accompanied by highly complex tasks, as they often necessitate cooperation and collaboration between different specialists or departments owing to the diverse skills and knowledge required (Helquist et al., 2011).



2.2.2. Resources

The group of resources includes all work characteristics that provide opportunities for action and may or may not be used voluntarily (Zapf, 1998; Semmer and Zapf, 2018). However, the professionals should be aware of these possibilities. Resources have a predominantly positive relationship with the indicators of maintaining and promoting health and fostering personal development (Iwanowa, 2006). In the evaluation tool, the two resources of Perceived Latitude for Activity and Perceived Use of Qualifications and Learning Opportunities should be considered and explained.

Perceived Latitude for Activity is a multidimensional construct that includes the perceived scope of action, design, and decision-making in a professional set-up. Scope of action refers to the range of available action-related options, including the choice of approach, resources, and temporal organization of task components. This defines the degree of flexibility in performing subtasks in a professional scenario. Design latitude refers to the ability to design processes independently based on goals. Decision-making latitude considers the degree of decision-making authority in task definition and delineation and determines the degree of autonomy associated with an activity (Ulich, 2011).

Perceived Use of Qualifications and Learning Opportunities refers to the perception that one can optimally utilize own existing expertise, skills, and abilities professionally. Therefore, a process of learning maintenance occurs. Conversely, low levels of this resource indicated unlearning (Büssing et al., 2004). Learning opportunities are closely related to the use of own qualifications and resources in executing job responsibilities. Interestingly, the existence of learning opportunities can only be assessed by comparing existing and required knowledge, skills, and abilities (Rau et al., 2021).



2.2.3. Stressors

The group of stressors encompasses all factors that impede the achievement of task goals and those that require professionals to make additional efforts or take additional risks. These efforts and risks, in turn, increase their work load, time, and effort (Büssing et al., 2004; Semmer and Zapf, 2018). Thus, dealing with stressors has adverse effects on the mental health of most professionals (Iwanowa, 2006). In the PAAI, four stressors are considered: Perceived Information Overload, Perceived Lack of Information, Perceived Time and Performance Pressure, and Perceived Qualification Deficits.

Perceived Information Overload involves the perception of the need to consider or evaluate an amount of information that is larger than the one's information intake and processing capacity (Dettmers and Krause, 2020). Furthermore, it has been noted that humans have a unique characteristic: the more information we are offered, the more information we think we need (Krcmar, 2011). According to Heinisch (2002), this leads to a paradox in knowledge society. This states that in the midst of the flood of information, there is a lack of information.

Perceived Lack of Information indicates that information is perceived as missing, unavailable, or not up to date (Dettmers and Krause, 2020).

Perceived Time and Performance Pressure describes the perceived imbalance between three work components, as follows: quantity, time, and quality (Trägner, 2006). The mismatch between these three components lies in the fact that a certain amount of work cannot be accomplished in the required or necessary quality in the available working time (Schulz-Dadaczynski, 2017).

Perceived Qualification Deficits indicate that, from the perspective of professionals, the work task assigned to them does not match their existing qualifications; these qualifications include technical competencies (e.g., specialized knowledge, work techniques, skills, and abilities) and social and communicative competencies required for the proper execution of a task (Richter et al., 2014). However, the mismatch can be attributed to qualification deficits for an activity, for example, due to insufficient training; as a result, workers feel overtaxed. Low qualification adequacy can also be seen when workers perform activities below their qualification level, triggering a qualitative underchallenge (Dettmers and Krause, 2020).




2.3. Level 3: overall job

The third level considers the workplace's cross-task characteristics, which extend beyond task-related aspects and affect users' psychological load in relation to their job. As mentioned earlier, in AI implementation projects, there is a risk that the introduction of AI-based systems may induce a higher level of Perceived Job Insecurity among its users. This fear is related to concerns about job loss owing to automation or insufficient proficiency in using digital technologies and media (Gimpel et al., 2020). According to a recent study by Lingmont and Alexiou (2020), professionals who are highly aware of AI and robotics tend to perceive a higher level of job insecurity than those with lower awareness. The implementation of AI-based DSSs probably increases users' awareness of AI, which in turn could raise concerns related to job insecurity and thereby increase psychological load.




3. Scale and item generation and qualitative review

To measure the 13 characteristics described (see Section 2), we developed the respective PAAI. To be able to observe the impact of the constructs on the professionals in the context of an evaluation, it is also necessary to collect appropriate indicators of the professionals' psychological load and related consequences. Fortunately, several scales already exist for this purpose (e.g., NASA-TLX, Hart and Staveland, 1988; irritation scale, Mohr et al., 2006; stress experience, Richter, 2000), from which a particular variable can be selected as per project objectives. However, one exception is the measurement of psychological load during immediate human-AI interaction. To the best of our knowledge, no questionnaires are available for this variable as of yet. Therefore, we developed an additional scale to measure user Irritation during System Use. In developing the 14 scales, we took care to keep the number of statements per scale as short as possible while ensuring that a minimum of three items met the scientific validity criteria (Mvududu and Sink, 2013). The items were formulated using generic terms, so that they can be applied to different occupations and types of AI-based DSSs. Simultaneously, the assessment incorporates design recommendations to facilitate the identification of specific causes and derivation of appropriate action measures.

To test the clarity and face validity of the developed items, cognitive pretests were conducted with N = 10 individuals without prior experience of AI-based DSSs in an occupational context. First, a paraphrasing method was used (Porst, 2013). In this method, participants were asked to reproduce the individual statements of the questionnaire in their own words. If a respondent did not understand a statement or understood it incorrectly, the statement was rephrased, clarified with examples, or removed. The revised items were then tested in the second step with the remaining respondents. In this step, a sorting technique was used to examine how respondents assigned the given items to the given constructs. It could be said that the sorting technique is a type of factor analysis that does not require previously collected data (Porst, 2013). All items assigned to the correct category by at least 75% of raters were retained. This development process resulted in a questionnaire with 59 items (Table 1; Supplementary material).



4. Empirical testing of the developed items and scales

The newly developed items and scales were empirically tested in two consecutive studies using causal samples. Adjustments like the deletion of items were made as required. Study 1 began with an analysis of the items and scales. Subsequently, an exploratory factor analysis (EFA) was conducted to examine the factor structure of the questionnaire derived from the item and scale analysis. The resulting factor structure, which was expected to be statistically and theoretically adequate, was subjected to confirmatory factor analysis (CFA) for further validation, employing the maximum likelihood (ML) estimation method, and allowing the factors to correlate (detailed information is accessible in the provided data on OSF—see the data availability statement). Study 2 tested the factorial validity of the final model from Study 1 using CFA, utilizing maximum likelihood estimation, with a different sample size. Furthermore, the final scale was assessed in terms of its convergent and predictive validity. In both cases, correlations with other variables collected simultaneously using established instruments were analyzed. Correlation analyses, item and scale analyses, and EFA were conducted using IBM SPSS software version 26.0. For the CFA, RStudio software (version 4.2.0) was used.


4.1. Study 1


4.1.1. Method


4.1.1.1. Participants and procedures

On January 24, 2023, N = 250 participants from the UK were recruited from a crowdsourcing platform, Prolific, for the survey. The prerequisite was that the participants must being employed and regularly use a DSS in the job. For the survey, it did not matter whether the DSS is based on AI methods because the properties surveyed can be assessed for all DSSs, regardless of which technical solutions are behind them. After excluding participants who, for example, missed one of the two attention checks or had superficial response patterns, N = 223 participants remained (n = 132 female, n = 91 male). Most respondents (42.6%) were aged between 30 and 39 years and worked in customer service and support (12.1%), organization, data processing and administration (11.7%), and marketing and sales (11.2%). Regarding educational level, the most had a bachelor's degree (46.6%).



4.1.1.2. Materials

The survey comprised the newly developed instrument (see Supplementary Table 1) and general demographic questions (e.g., age, gender, and field of activity). Aside from the general demographic questions, all other items were answered on a 5-point scale ranging from 1 (doesn't apply at all) to 5 (applies completely).




4.1.2. Analysis and results


4.1.2.1. Item and scale analysis

In the context of item and scale analysis, it is first checked whether the items are too easy, too difficult, or insufficiently differentiated, and then the internal consistency of the scales is assessed. Specifically, items with a difficulty index between P = 0.20–0.80 and a discriminatory power of rit ≥ 0.40 are targeted (Bortz and Döring, 2016; Kalkbrenner, 2021). All but two items (19 and 52) met these criteria, and the two items that did not meet the criteria were therefore deleted. Supplementary Table 2 presents the descriptive statistics for each scale at the end of the item and scale analyses.



4.1.2.2. EFA

In the next step, the scales or items were further tested separately within their corresponding levels, as described herein: (1) human-AI interaction, (2) AI-supported task, and (3) overall job (as described in Section 2). We conducted an EFA for each. The prerequisites for the EFA needed to be examined further. First, inter-item correlations were checked; that is, whether each item correlated with at least three other items with a value between r = 0.20 to r = 0.85. Moreover, we tested whether each item had a Kaiser-Meyer-Olkin (KMO) measure of ≥0.70, Bartlett's test for sphericity of p < 0.05, and a measure of sampling adequacy (MSA) >0.8 (Kalkbrenner, 2021; Zhang et al., 2021). These conditions were fulfilled in all cases. To determine the most suitable number of factors for summarizing the elements within each level, two analyses were conducted: principal component analysis (PCA) and parallel analysis (Kalkbrenner, 2021). The results in Supplementary Table 3 indicate that different criteria suggest different numbers of factors.

In subsequent EFAs, the modeling process employed principal axis factorization (PFA) with the oblique rotation method Promax because of the assumed inter-factor correlations (Moosbrugger and Kelava, 2008). The initial starting point for each analysis was the highest assumed number of factors, as shown in Supplementary Table 3, to ensure maximum information preservation. Throughout the exploration, individual items were systematically excluded, and after each exclusion, the PFA was recalculated. Items were excluded if at least one of the following three conditions was not met: First, items should exhibit a factor loading of at least λ ≥ 0.40. Second, it is desirable that the items have no cross-loadings, that is, they should have no loadings of λ ± 0.40 on two or more factors. Meanwhile, if an item does demonstrate cross-loadings, but the loading on one factor is λ ≥ 0.10 higher than on the other factors, researchers can use their theoretical understanding to decide whether the variable should be assigned to a factor or deleted. Third, from a theoretical perspective, all items should fit the respective factors to which they were assigned according to the EFA (Korner and Brown, 1990; Kalkbrenner, 2021). Consequently, of the 28 items included in the EFA at Level 1 (human-AI interaction), seven items (items 1, 5, 9, 12, 13, 17, and 22) were deleted. At Level 2 (AI-supported task), of the 26 items included in the EFA, eight items (items 32, 36, 39, 40, 47, 48, 49, and 50) were deleted. According to the criteria mentioned above, Item 30 should also have been deleted as it loaded highly on two factors (difference λ = 0.05). However, this was not done because of (a) strong theoretical reasons and (b) the decision is statistically confirmed in the subsequent CFA because the model quality is better with the inclusion of the item in the scale than without it.

For the remaining 21 items at Level 1, a five-factor structure resolved a total of R2 = 60.29% of the variance. In terms of content, the five factors were consistent with the theory described in Section 2. However, at Level 2, contrary to the theoretical assumption, a six-factor structure—not an eight-factor structure—was determined for the remaining 18 items, and it explained R2 = 60.12% of the cumulative variance. Specifically, the EFA results indicated that the items developed to measure the constructs of decision-making and complexity requirements should be combined with those representing the construct of information overload into a single factor. This merger was supported by theoretical considerations. Moreover, all items related to the construct “lack of information” were deleted because of their high cross-loadings. This deletion was theoretically justifiable and appropriate. For the three remaining items at Level 3, as theoretically hypothesized, we obtained a one-factor structure that resolved R2 = 68.95% of the variance. A comprehensive depiction of the factor structure encompassing the items and their corresponding factor loadings for each scale is provided in Table 3.


TABLE 3 Overview of exploratory factor analysis and confirmatory factor analysis results in Study 1.
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4.1.2.3. CFA

CFAs were conducted to confirm the factor structure of the developed instrument according to the EFAs. This analysis was used to determine the fit between the model and obtained data (Bandalos, 2002). Following Hu and Bentler (1999), the model fit index was determined using chi-square/degree of freedom (good fit = 0 ≤ χ2/df ≤ 0.2; acceptable fit = 2 < χ2/df ≤ 0.3), comparative fit index (CFI; good fit = 0.97 ≤ CFI ≤ 1.00; acceptable fit = 0.95 ≤ CFI < 0.97), Tucker-Lewis index (TLI; good fit = 0.97 ≤ TLI ≤ 1.00; acceptable fit = 0.95 ≤ TLI < 0.97), root mean square error of approximation (RMSEA; good fit = 0 ≤ RMSEA ≤ 0.05; acceptable fit = 0.05 < RMSEA ≤ 0.08), and standardized RMR (SRMR; good fit = 0 ≤ SRMR ≤ 0.05; acceptable fit = 0.05 < SRMR ≤ 0.10). The indices for the three models are listed in Table 3. Acceptable to good fit indices were observed for all models.




4.2. Study 2


4.2.1. Method



4.2.1.1. Participants and procedure

From 6 to 16 February 2023, a second survey was conducted in the UK and US via Prolific. The participation criteria were the same as those of Study 1. Of the N = 535 participants, N = 471 individuals (n = 235 female, n = 233 male, n = 3 non-binary) remained after data cleaning as in the first study. Most respondents (36.5%) were between 30 and 39 years and had a bachelor's degree (39.7%). In addition, most worked in customer service and support (12.1%), organization, data processing and administration (8.1%), and marketing and sales (7.9%).



4.2.1.2. Materials

Along with the final questionnaire inventory from Study 1 (Supplementary Table 4) and demographic data, we collected data on load indicators and consequences to test criterion validity. Specifically, system use satisfaction was surveyed through a custom-developed item, “I like using the system” and trust in a system was surveyed using a custom-developed question, “How much do you trust the system?” The subjective stress experienced during a task was surveyed using the six items developed by Richter (2000), which were translated from German to English. Moreover, mental effort and mental exhaustion were assessed with two questions from the BMS short scales, which were translated from German into English (Debitz et al., 2016). Task enjoyment was surveyed with the item “How much pleasure do you usually get from the work task?” Furthermore, competence experience during task processing was assessed using four items adapted from a prior study (Sailer, 2016). Job satisfaction was surveyed using an item, which was translated from German into English, from a past study (Kauffeld and Schermuly, 2011). For later testing of convergent validity, the six-item meCue (Minge et al., 2017), which measures the usefulness and usability of technologies, was used. All statements were answered on a 5-point scale ranging from 1 (doesn't apply at all) to 5 (applies completely). The questions, for example on mental effort and exhaustion, were responded on a slider scale ranging from 1 (low) to 10 (high).




4.2.2. Analysis and results


4.2.2.1. Item and scale analysis

Table 4 shows the descriptive statistics for all the scales. All scales showed an internal consistency of α ≥ 0.70 (Hussy et al., 2013), and the Perceived Time and Performance Pressure scale a Spearman-Brown coefficient of 0.757. In addition, high mean values and low standard deviations were observed for most scales.


TABLE 4 Results of the item and scale analysis in Study 2.
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4.2.2.2. CFA

To test the factor structure of the final version of the PAAI on another sample, a second CFA was conducted for each Level and for the overall instrument. As in Study 1, the results showed acceptable to good fit indices (Hu and Bentler, 1999) for all three models per Level, and for the overall model (see Table 5). A detailed overview of the individual factor loadings is provided in Supplementary Table 4.


TABLE 5 Confirmatory factor analysis results from Study 2.
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4.2.2.3. Correlation analysis

A correlation analysis was conducted to further test the validity of the PAAI (see Supplementary Tables 5, 6). In this analysis, the Level 1 scales were correlated with the meCue (Minge et al., 2017) to test their convergent validity and overall summary. It showed that all Level 1 scales as a whole correlate strongly with the meCue (r = 0.83, p < 0.01) according to Cohen's (1988) criteria (r ≥ 0.10 small, r ≥ 0.30 moderate, r ≥ 0.50 strong effect). From the perspective of individual scales, the Perceived Usefulness (r = 0.70, p < 0.01) and Perceived Ease of Use (r = 0.83, p < 0.01) showed particularly very high correlations, as expected, and the Perceived Comprehensibility (r = 0.54, p < 0.01) and Perceived Availability (r = 0.56, p < 0.01) showed high correlations.

Moreover, for all levels, the collected criterion-related variables capturing the load indicators and the corresponding predictive scales were found to be correlated. These results demonstrate the criterion-related validity of the instrument. Furthermore, in the task characteristic group of requirements, the Perceived Complexity and Decision-making Requirements scale was moderately positively related to mental effort (r = 0.41, p < 0.01) and mental exhaustion (r = 0.28, p < 0.01), and simultaneously positively related to task enjoyment (r = 0.15, p < 0.01). Contrastingly, stressors such as Perceived Qualification Deficits correlated with negative load indicators like stress experience (r = 0.64, p < 0.01), and had no significant relationship with positive load indicators, such as task enjoyment (r = 0.06, not significant) or competence experience during task processing (r = −0.30, p < 0.01). This undesirable influence of stressors was also evident at Level 3, with the Perceived Job Insecurity scale correlating negatively with job satisfaction (r = −0.34, p < 0.01). However, variables in the resources group such as Perceived Latitude for Activity (Level 2) were moderately correlated with task enjoyment (r = 0.40, p < 0.01) and competence experience during task processing (r = 0.31, p < 0.01).






5. Discussion

This study aimed to develop and validate an evaluation tool that assesses the use of AI-based DSSs in the workplace, strongly emphasizing the human aspect. Using this human-centered perspective, this study ultimately aimed to ensure that the implementation of new technology has a positive impact on user psychological wellbeing, as well as helps in avoiding unintended negative consequences that could hinder personal development in the workplace. To be able to verify the outcomes of AI-based DSSs implementation, it was necessary to understand the effects of system deployment on users and the associated work situation in a differentiated manner as part of the evaluation. Only in this way can the need for adaptation be specifically derived if necessary.

Thus, an instrument called PAAI was developed to capture the following design characteristics in the context of AI-based DSSs: (1) system characteristics of AI-based DSSs that are particularly important from the users' perspective; (2) work-related characteristics of the AI-supported task that are particularly influential for professionals' psychological load and known to play a frequent role in the context of implementation of new technology based on the augmented intelligence approach; and (3) cross-task work characteristics that are often relevant from the professionals' perspective in this context. The selection of the specific system-, task-, and job-related design characteristics collected in the PAAI is guided by this research. In total, 13 characteristics were initially identified from the literature and measured with 56 items after an initial, concise, cognitive preliminary study. The newly developed questionnaire was then extensively tested in a preliminary quantitative study, which yielded the necessary adjustments to the instrument. The refined version of the questionnaire was tested in a second quantitative study using another sample. The final instrument encompasses a total of 11 design characteristics measured by 39 items (see Supplementary Table 4).


Looking at the results

In both studies, the items or scales generated to capture system-, task-, or job-related characteristics were first analyzed in detail within their associated characteristic group or level of consideration. This procedure guaranteed that the newly developed scales function well within their respective levels, and before they are evaluated as a coherent whole across all three levels at the end of Study 2. It also ensured that the three questionnaire parts can be used independently if needed.

In the first section of the questionnaire, in which items assessed the perceived system characteristics of AI-based DSSs from the user's perspective, the EFA in Study 1 yielded a four-factor structure: Perceived Usefulness, Perceived Ease of Use, Perceived Comprehensibility, and Perceived Availability. It fit well with the expected theoretical structure (see Section 2). Strictly speaking, however, the EFA resulted in a five-factor structure, as items measuring the psychological load indicator of professionals (i.e., in the form of Irritation during System Use) were also included in the analysis. This is because no questionnaire had, thus far, been developed to capture users' direct experiences of psychological load during direct human-AI interactions. Therefore, the inclusion of the Irritation during System Use scale in the EFA was necessary to ensure the validity of this newly developed instrument. Furthermore, an exploratory analysis showed that for the items on system characteristics, the EFA results do not differ depending on whether the Irritation during System Use scale is included, which indicates the high separability of this dependent variable from the other four independent variables. Contrarily, this construct of independence within the scales of system properties was not as pronounced as shown by the cross-loadings observed in the EFA for the associated items. This finding is not unexpected, as previous studies have shown a close association between individual system characteristics, such as perceived usefulness and ease of use (Suki and Suki, 2011). To delineate the individual constructs more clearly, we eliminated items that could not be clearly assigned to a particular construct. This item reduction procedure was not problematic, as the analysis commenced with an item surplus in order to identify the most powerful and relevant items for the primary study. Therefore, despite the item reduction, all Level-1-scales (a total of five) show good internal consistency, as indicated by the Cronbach's alpha values (Hussy et al., 2013) ranging from α = 0.81–0.91 in Study 1. These acceptable reliabilities are also shown in Study 2, as the Cronbach's alpha values ranged from α = 0.77–0.88.

Importantly, both studies had high mean values (tending to be at the high end of the scale) and low standard deviations for all four system characteristic scales. These observations can be interpreted as an indication of the strong predictive role of the captured system characteristics for system use. This is because participants in both studies evaluated only systems that are regularly used in everyday life. Furthermore, the criterion validity of the developed system characteristic scales on professionals' psychological load experience during immediate human-AI interactions was also empirically confirmed in this study. In particular, in Study 2, all four scales showed, following Cohen's (1988) methodology, moderately negative correlations with the criterion Irritation during System Use; thus, both the criterion and construct validity of the newly developed scales were demonstrated. As in Study 1, consistently acceptable goodness-of-fit indices were observed for the final scales in the CFA on a second independent sample. Along with factorial validity, convergent validity was also examined to confirm construct validity. As expected, the Perceived Usefulness and Perceived Ease of Use scales showed a strong correlation with the meCue (Minge et al., 2017), as this well-established instrument maps two very similar constructs. Conforming to this, the Perceived Comprehensibility and Perceived Availability scales correlated moderately with the meCue scale, as with the Perceived Usefulness and Perceived Ease of Use scales.

The second part was designed to obtain the relevant work-related characteristics of AI-supported tasks in the context of AI-based DSSs. Initially, this questionnaire section comprised eight task characteristics based on the theoretical foundations (see Supplementary Table 1), and had a total of 27 items. However, the assumed factor structure for the newly developed items could not be confirmed in Study 1. The EFA results revealed high cross-loadings between items in the hypothesized scales of Perceived Complexity and Decision-Making Requirements, Perceived Information Overload, Perceived Lack of Information, and Perceived Time and Performance Pressure, suggesting the need for adjustment. These findings can be attributed to the fact that work-related characteristics often co-occur in practice and partially influence each other (Dettmers and Krause, 2020; Phillips-Wren and Adya, 2020; Rau et al., 2021).

To ensure the valid measurement of the constructs, two approaches were employed. First, inaccurate items were gradually eliminated during the exploratory phase. This was not problematic, because the preliminary study started with a larger number of items than required. Moreover, whenever reasonable, items from closely related constructs were combined into a single factor. Consequently, during the item deletion process, all items related to the construct of Perceived Lack of Information were removed, along with single items from other assumed scales. By removing the entire Perceived Lack of Information construct, the relationships among the remaining constructs became clearer. Given that AI-based DSSs are primarily designed to improve the handling of information overload and complex decision processes (Dietzmann and Duan, 2022; Stenzl et al., 2022), and addressing information lack through the identification of novel patterns only yields the possibility of an incidental benefit, we do not consider the omission of this task characteristic of the inventory to be critical. The second approach for improvement involved merging two closely related constructs: Perceived Complexity and Decision-Making Requirements and Perceived Information Overload. This decision to include the Perceived Information Overload scale in the Perceived Complexity and Decision-making Requirements is also supported by theoretical considerations since high decision-making and complex requirements often involve dealing with a substantial number of variables and their associated information (Phillips-Wren and Adya, 2020; Rau et al., 2021). From a professional perspective, these two components are likely to be perceived as unified entities rather than as separate constructs. After these adjustments, the CFA results of both the preliminary and main studies consistently showed acceptable to good fit indices for the new six-factor structure of the questionnaire. Furthermore, satisfactory reliabilities were observed for all scales in Studies 1 and 2, ranging from α = 0.72 to α = 0.87. It is noteworthy that although the Perceived Time and Performance Pressure scale comprises only two items, it met all the reliability and validity criteria. Since the survey was to be as concise as possible for practical reasons, there was no need to add a third item to the scale, as often recommended by prior studies like that conducted by Mvududu and Sink (2013). In addition to factorial validity, the criterion validity of all the scales was confirmed in the main study. For example, the mental effort criterion showed the strongest correlation with the scale Perceived Complexity and Decision-making Requirements. This result is consistent with previous research, showing that complexity and decision demands are significant predictors of cognitive effort (Lyell et al., 2018). Furthermore, the correlation results support those of previous studies, demonstrating a significant relationship between users' negative load experiences and qualification deficits (Dettmers and Krause, 2020). As expected, the results also showed the positive correlation of the two resources variables of Perceived Latitude for Activity and Perceived Use of Qualifications and Learning Opportunities with indicators of positive load, like task enjoyment.

To holistically evaluate the introduction of an AI-based DSS, the last section of the PAAI focuses on a cross-task job characteristic, more specifically, on Perceived Job Insecurity. This focus serves to enable the tool to provide data on whether this variable increases from the perspective of the affected professionals as a result of the introduction of new technology. In both the preliminary and main studies, the results consistently confirmed the reliability and construct validity of the scale. Furthermore, the main study proves criterion validity, as this construct correlates negatively with positive load indicators, in this case job satisfaction, in line with previous reports.

Thus, the results of Studies 1 and 2 provide compelling evidence of the validity and reliability of all three parts of the final questionnaire. Furthermore, the construct validity of the questionnaire instrument was assessed in the main study using CFA, showing satisfactory-to-very good fit indices and the overall validity of the instrument.



5.1. Limitations and future research

Thus far, the empirical results have confirmed the reliability and validity of the new questionnaire instrument, which can be used both in practice in the context of evaluating AI-based DSSs and in scientific research. This instrument is economic, easy-to-use, and has a solid scientific basis. However, this study has some limitations. First, the validation of the questionnaire relied solely on questionnaire-based instruments; therefore, the results may have been influenced by social desirability bias. Therefore, future validation studies should include a wider range of data sources. For example, the additional assessment of relevant system properties using mathematical metrics, such as system accuracy, is an important sub-design criterion for perceived usefulness (Yin and Qiu, 2021) psychological load indicators using physiological and biochemical measures (Lean and Shan, 2012). Second, because we aimed at developing a questionnaire with the shortest possible survey duration, it is critical to note that convergent validity was only tested for the characteristic scales of the lowest human-AI-interaction level. Scholars are thus recommended to test both the convergent and discriminant validity of the scales at the other two levels (AI-supported tasks and overall jobs) in future studies. This would allow for a more comprehensive assessment of instrument validity across all system levels. Third, data collection for this study was conducted via a paid crowdsourcing platform, which may raise concerns about data quality (Douglas et al., 2023).

To address these issues, (a) a conscious decision was made to use a sample provider that, according to prior research (Peer et al., 2022), delivers the highest data quality; (b) two control questions were included in the questionnaire used in each of the studies, and the data of all participants who failed one of these questions were immediately excluded. Nonetheless, it is advisable to validate the instrument using a separate sample that does not receive financial compensation for participation as well as that is not exclusively from the US and the UK—but instead from various countries and cultures. This will further strengthen the confidence in the observed results and their generalizability beyond the paid crowdsourcing platform sample. Furthermore, the target group of the questionnaire comprised people who used DSSs in their daily work. We decided to not impose any further specific participation conditions related to the AI methods behind the system for several reasons. First, the PAAI can be used separately from this specific technical solution, even if it is simultaneously assumed that, especially in the case of AI-based DSSs, attention must be paid to ensure that systems are designed to be, e.g., sufficiently comprehensible because of their black-box nature. Second, the definition of the subject of AI varies widely, and until this date, there is no universally expected definition of the subject (Alter, 2023). Finally, users may not be aware of the specific technical solutions underlying their DSS. Therefore, by omitting the technical solution, the PAAI could focus on capturing user perceptions and experiences of the DSS, rather than their awareness of the underlying AI methods. Nevertheless, future studies should investigate whether the term “AI” alone influences user experience and behavior. Previous research investigating the impact of AI-based DSSs on user psychological load has so far mainly focused on the particular characteristics of accuracy and transparency of these systems (see Stowers et al., 2020; Jacobs et al., 2021; Jussupow et al., 2021; Gaube et al., 2023). These arise, as described in the theory section, from the essence of AI-based DSSs; namely, their probabilistic nature and black-box character. In addition, individual studies have been exploring the effect of the timing of the introduction of AI-generated advices to users (Jussupow et al., 2021; Langer et al., 2021). For example, initial findings suggest that users are more satisfied and experience higher self-efficacy in task processing if they receive support from the system after first independently processing the information underlying their decision-making (Langer et al., 2021). However, further evidence is required before generalizations can be made on this topic. Future research efforts should therefore explore other design and implementation characteristics of AI-based DSSs, including the timing of support, and investigate the influence of the term “AI”. This work can yield deeper understandings of the dynamics of user experience and psychological load in relation to AI-based DSSs. Ultimately, this research may enable the identification of other potential key characteristics that should be considered when evaluating AI-based DSSs. Furthermore, future research could conduct research to identify under which design aspects and contextual conditions users of augmented intelligence systems (e.g., AI-based DSSs) perceive these systems as optimal complements to their own abilities, and how the degree of augmentation affects users' psychological load; for example, regarding their own experience of motivation and empowerment. Finally, it would also be interesting to investigate what inversely influences professionals' experience of load on their perception of the system and work-related characteristics. Previous studies have indicated that professionals' current load experience also influences their perceptions of working conditions (Rusli et al., 2008). To increase the acceptance of users toward a new work system, it could be helpful to implement it not in particularly stressful peak periods but in times of moderate workloads.



5.2. Practical implications

In augmented-intelligence projects, it is critical for organizations to prioritize future users throughout the development and validation processes. As mentioned in the introduction, the success of augmented intelligence implementation, like AI-based DSSs, in the workplace ultimately depends on the experience and behavior of the employees involved. If they are not ready to use the new technology, the project is likely to fail during the implementation phase. To avoid this, organizations could follow the four phases of the human-centered design approach when implementing an AI-based DSS (ISO International Organization for Standardization, 2019). This requires the involvement of a transdisciplinary team that includes psychological experts and usual technical experts. The expertise of the former is valuable in tasks like requirements analysis, adaptation of work habits, changes in communication during implementation, and evaluation. In the evaluation, it is not sufficient to assess only whether the intended effects were achieved; it is equally important to identify any unintended effects that may have occurred. To gain insight into why newly implemented systems actually have an impact, organizations could conduct comprehensive surveys to understand their effects on individuals and their work environments. This comprehensive understanding facilitates the development of tailored action plans. Along with the use of the PAAI evaluation tool, organizations could consider incorporating complementary criteria of system performance, like accuracy (Kohl, 2012) and response time (Tsakonas and Papatheodorou, 2008). Furthermore, Organizations could also include users' individual resources in the evaluation, considering the stress and strain models (ISO International Organization for Standardization, 2017). For example, their expertise level or AI knowledge (Gaube et al., 2023) could be included to identify users' qualification needs. Moreover, data on project management related variables could be collected. As per prior studies, changes in communication are extremely influential in AI project success, particularly expectation management (Alshurideh et al., 2020). Therefore, organizations could also evaluate the success of specific communication measures and whether any further action is needed.




6. Conclusion

This study emphasizes the importance of a human-centered design approach in the development and implementation of augmented intelligence projects, as well as the implementation of a user-centered evaluation within this framework. An evaluation tool suitable for this purpose, called PAAI, was developed. The novel instrument can be seen as a holistic tool that, along with immediate interface design, focuses on personality-promoting workplace design. The PAAI can not only be used selectively to evaluate the impact of AI-based DSSs implementation projects on users, but also as a starting point for the requirements analysis of the four-step human-centered design process. Thus, it could be used as a pre-post measurement. Thus, organizations can use the PAAI to develop AI-supported workplaces that are conducive to a positive mental health among workers. Although the PAAI was validated by the two independent studies reported in this manuscript, further research is required to collect data from more diverse samples and verify evidence consistency. Moreover, the use of additional data sources, such as objective and qualitative measures, should help further validate the newly developed instrument.



Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found below: https://osf.io/vfykx/?view_only=03628f3f25c249668e0770f0fb6f9c6f.



Ethics statement

Ethical approval was not required for the studies involving humans because the study was a voluntary survey on Decision Support Systems and Working Conditions that did not give rise to an ethics vote (e.g., there was no deception). The studies were conducted in accordance with the local legislation and institutional requirements. Written informed consent for participation was not required from the participants or the participants' legal guardians/next of kin in accordance with the national legislation and institutional requirements because after the information text about the survey, there was a button to agree to the survey. Thus, the consent was only in the form of a click, but without a signature. This was because the survey was completely anonymous and without any form of intervention. Anyone could voluntarily participate in the study and stop at any time.



Author contributions

KB was responsible for the conception and design of the study, data collection, analysis, interpretation, and was the primary writer of the manuscript. SH accompanied with the conception of the study. SH and JZ assisted with the study design and critically revised the manuscript. All authors approved the final version of the manuscript for submission.



Funding

The research presented in this study has been carried out within the Research Project AIXPERIMENTATIONLAB (Project No. EXP.01.00016.20).



Acknowledgments

The authors gratefully acknowledge the support of the German Federal Ministry of Labor and Social Affairs (BMAS) and the Initiative New Quality of Work (INQA).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/frai.2023.1249322/full#supplementary-material



References

 Al Shamsi, J. H., Al-Emran, M., and Shaalan, K. (2022). Understanding key drivers affecting students' use of artificial intelligence-based voice assistants. Educ. Inf. Technol. 27, 8071–8091. doi: 10.1007/s10639-022-10947-3

 Alhashmi, S. F. S., Salloum, S. A., and Abdallah, S. (2020). “Critical success factors for implementing artificial intelligence (AI) projects in Dubai Government United Arab Emirates (UAE) health sector: Applying the extended technology acceptance model (TAM),” in Proceedings of the International Conference on Advanced Intelligent Systems and Informatics 2019, eds. A. E. Hassanien, K. Shaalan, and M. F. Tolba (Cham), 393–405.

 Alshurideh, M., Al Kurdi, B., and Salloum, S. A. (2020). “Examining the main mobile learning system drivers' effects: a Mix empirical examination of both the expectation-confirmation model (ECM) and the technology acceptance model (TAM),” in Proceedings of the International Conference on Advanced Intelligent Systems and Informatics 2019, eds. A. E. Hassanien, K. Shaalan, and M. F. Tolba (Cham), 406–417.

 Alter, S. (2023). “How can you verify that I am using AI? Complementary frameworks for describing and evaluating AI-based digital agents in their usage contexts,” in 56th Hawaii Conference on System Sciences (HICSS).

 Amin, M., Rezaei, S., and Abolghasemi, M. (2014). User satisfaction with mobile websites: the impact of perceived usefulness (PU), perceived ease of use (PEOU) and trust. Nankai Bus. Rev. Int. 5, 258–274. doi: 10.1108/NBRI-01-2014-0005

 Anderson, J. L. (1998). Embracing uncertainty: the interface of Bayesian statistics and cognitive psychology. Conserv. Ecol. 2, 102. doi: 10.5751/ES-00043-020102

 Arnold, A., Dupont, G., Kobus, C., Lancelot, F., and Liu, Y.-H. (2020). “Perceived usefulness of conversational agents predicts search performance in aerospace domain,” in Proceedings of the 2nd Conference on Conversational User Interfaces (New York, NY: Association for Computing Machinery), 1–3.

 Arrieta, B. A., Díaz-Rodríguez, N., Ser, D. J., Bennetot, A., Tabik, S., Barbado, A., et al. (2020). Explainable Artificial Intelligence (XAI): concepts, taxonomies, opportunities and challenges toward responsible AI. Inform. Fusion 58, 82–115. doi: 10.1016/j.inffus.2019.12.012

 Atta, M. T. (2017). The effect of usability and information quality on decision support information system (DSS). Arts Soc. Sci. J. 8, 257. doi: 10.4172/2151-6200.1000257

 Aussu, P. (2023). “Information overload: coping mechanisms and tools impact,” in Research Challenges in Information Science: Information Science and the Connected World. Proceedings: 17th International Conference, RCIS 2023 Corfu, Greece, May 23–26, 2023, eds. S. Nurcan, A. L. Opdahl, H. Mouratidis, and A. Tsohou (Cham: Springer), 661–669.

 Baldauf, M., Fröehlich, P., and Endl, R. (2020). “Trust me, I'm a doctor – User perceptions of AI-driven apps for mobile health diagnosis,” in Proceedings of the 19th International Conference on Mobile and Ubiquitous Multimedia, eds. J. Cauchard, M. Löchtefeld, MUM '20 (New York, NY: Association for Computing Machinery), 167–178.

 Bandalos, D. L. (2002). The effects of item parceling on goodness-of-fit and parameter estimate bias in structural equation modeling. Struct. Equ Model. Multidiscip. J. 9, 78–102. doi: 10.1207/S15328007SEM0901_5

 Bangor, A., Kortum, P. T., and Miller, J. T. (2008). An empirical evaluation of the system usability scale. Int. J. Hum. Comput. Interact. 24, 574–594. doi: 10.1080/10447310802205776

 Bortz, J., and Döring, N. (2016). Forschungsmethoden und Evaluation in den Sozial- und Humanwissenschaften. 5th Edn. Berlin and Heidelberg: Springer.

 Brynjolfsson, E., Hitt, L. M., and Kim, H. H. (2011). Strength in Numbers: How Does Data-driven Decisionmaking Affect Firm Performance? Berlin. Available online at: https://papers.ssrn.com/sol3/papers.cfm?abstract_id=1819486 (accessed June 28, 2023).

 Büssing, A., Glaser, J., and Höge, T. (2004). Psychische und physische Belastungen in der ambulanten Pflege: Ein Screening zum Arbeits- und Gesundheitsschutz. Z. Arbeits Organisationspsychol. 48, 165–180. doi: 10.1026/0932-4089.48.4.165

 Cai, C. J., Reif, E., Hegde, N., Hipp, J., Kim, B., Smilkov, D., et al. (2019). “Human-centered tools for coping with imperfect algorithms during medical decision-making,” in Proceedings of the 2019 CHI Conference on Human Factors in Computing Systems, eds. S. Brewster, G. Fitzpatrick, A. Cox, V. Kostakos, CHI '19 (New York, NY: Association for Computing Machinery), 1–14.

 Calisir, F., and Calisir, F. (2004). The relation of interface usability characteristics, perceived usefulness, and perceived ease of use to end-user satisfaction with enterprise resource planning (ERP) systems. Comput. Hum. Behav. 20, 505–515. doi: 10.1016/j.chb.2003.10.004

 Chinelato, R. S. d. C., Ferreira, M. C., and Valentini, F. (2019). Work engagement: a study of daily changes. Ciencias Psicol. 13, 3–8. doi: 10.22235/cp.v13i1.1805

 Cohen, J. (1988). Statistical Power Analysis for the Behavioral Sciences. New York, NY: Routledge.

 Coussement, K., and Benoit, D. F. (2021). Interpretable data science for decision making. Decis. Support Syst. 150, 113664. doi: 10.1016/j.dss.2021.113664

 Davis, F. D. (1989). Perceived usefulness, perceived ease of use, and user acceptance of information technology. MIS Q. 13, 319. doi: 10.2307/249008

 Debitz, U., Hans-Eberhardt, P., and Richter, P. (2016). BMS – Beanspruchungs-mess-skalen | Testzentrale. Available online at: https://www.testzentrale.de/shop/beanspruchungs-mess-skalen.html (accessed June 28, 2023).

 Dettmers, J., and Krause, A. (2020). Der Fragebogen zur Gefährdungsbeurteilung psychischer Belastungen (FGBU). Z. Arbeits Organisationspsychol. 64, 99–119. doi: 10.1026/0932-4089/a000318

 Dietzmann, C., and Duan, Y. (2022). “Artificial intelligence for managerial information processing and decision- making in the era of information overload,” in Proceedings of the Annual Hawaii International Conference on System Sciences. Proceedings of the 55th Hawaii International Conference on System Sciences.

 Doshi-Velez, F., and Kim, B. (2017). Towards a rigorous science of interpretable machine learning. arXiv 1702.08608. doi: 10.48550/arXiv.1702.08608

 Douglas, B. D., Ewell, P. J., and Brauer, M. (2023). Data quality in online human-subjects research: comparisons between MTurk, Prolific, CloudResearch, Qualtrics, and SONA. PLoS ONE 18, e0279720. doi: 10.1371/journal.pone.0279720

 Gaube, S., Suresh, H., Raue, M., Lermer, E., Koch, T. K., Hudecek, M. F. C., et al. (2023). Non-task expert physicians benefit from correct explainable AI advice when reviewing X-rays. Sci. Rep. 13, 1383. doi: 10.1038/s41598-023-28633-w

 Gimpel, H., Berger, M., Regal, C., Urbach, N., Kreilos, M., Becker, J., et al. (2020). Belastungsfaktoren der Digitalen Arbeit: Eine beispielhafte Darstellung der Faktoren, die Digitalen Stress Hervorrufen. Available online at: https://eref.uni-bayreuth.de/55149 (accessed June 28, 2023).

 Glaser, J., Seubert, C., Hornung, S., and Herbig, B. (2015). The impact of learning demands, work-related resources, and job stressors on creative performance and health. J. Pers. Psychol. 14, 37–48. doi: 10.1027/1866-5888/a000127

 Goodhue, D. L., and Thompson, R. L. (1995). Task-technology fit and individual performance. MIS Q. 19, 213. doi: 10.2307/249689

 Gorla, N., Somers, T. M., and Wong, B. (2010). Organizational impact of system quality, information quality, and service quality. J. Strateg. Inf. Syst. 19, 207–228. doi: 10.1016/j.jsis.2010.05.001

 Hacker, W. (1978). Allgemeine Arbeits- und Ingenieurpsychologie: Psychische Struktur und Regulation von Arbeitstätigkeiten. Schriften zur Arbeitspsychologie (Huber).

 Hacker, W. (2016). Vernetzte künstliche Intelligenz/Internet der Dinge am deregulierten Arbeitsmarkt: Psychische Arbeitsanforderungen. J. Psychol. Alltagshandelns. 9, 4–21.

 Haefner, N., Wincent, J., Parida, V., and Gassmann, O. (2021). Artificial intelligence and innovation management: a review, framework, and research agenda. Technol. Forecasting Soc. Change 162, 120392. doi: 10.1016/j.techfore.2020.120392

 Hart, S. G., and Staveland, L. E. (1988). Development of NASA-TLX (task load index): results of empirical and theoretical research. Adv. Psychol. 52, 139–183. doi: 10.1016/S0166-4115(08)62386-9

 Hassani, H., Silva, E. S., Unger, S., TajMazinani, M., and Mac Feely, S. (2020). Artificial intelligence (AI) or intelligence augmentation (IA): what is the future? AI 1, 143–155. doi: 10.3390/ai1020008

 Heinisch, C. (2002). Inmitten der Informationsflut herrscht Informationsmangel. ABI-Technik 22, 340–349. doi: 10.1515/ABITECH.2002.22.4.340

 Hellebrandt, T., Huebser, L., Adam, T., Heine, I., and Schmitt, R. H. (2021). Augmented intelligence – Mensch trifft Künstliche Intelligenz. Zeitschrift für wirtschaftlichen Fabrikbetrieb 116, 433–437. doi: 10.1515/zwf-2021-0104

 Helquist, J. H., Deokar, A., Meservy, T., and Kruse, J. (2011). Dynamic collaboration. SIGMIS Database 42, 95–115. doi: 10.1145/1989098.1989104

 Henkel, M., Horn, T., Leboutte, F., Trotsenko, P., Dugas, S. G., Sutter, S. U., et al. (2022). Initial experience with AI Pathway Companion: evaluation of dashboard-enhanced clinical decision making in prostate cancer screening. PLoS ONE 17, e0271183. doi: 10.1371/journal.pone.0271183

 Hsiao, J. L., Wu, W. C., and Chen, R. F. (2013). Factors of accepting pain management decision support systems by nurse anesthetists. BMC Med. Inform. Decis. Mak. 13, 16. doi: 10.1186/1472-6947-13-16

 Hu, L., and Bentler, P. M. (1999). Cutoff criteria for fit indexes in covariance structure analysis: conventional criteria versus new alternatives. Struct. Equ Model. Multidiscip. J. 6, 1–55. doi: 10.1080/10705519909540118

 Hussy, W., Schreier, M., and Echterhoff, G. (2013). Forschungsmethoden in Psychologie und Sozialwissenschaften für Bachelor, 2nd Edn. Berlin; Heidelberg: Springer.

 Hwang, M. I., and Lin, J. W. (1999). Information dimension, information overload and decision quality. J. Inf. Sci. 25, 213–218. doi: 10.1177/016555159902500305

 Iriani, S. S., and Andjarwati, A. L. (2020). Analysis of perceived usefulness, perceived ease of use, and perceived risk toward online shopping in the era of Covid-19 pandemic. Syst. Rev. Pharm. 11, 313–320.

 ISO International Organization for Standardization (2017). ISO 10075-1:2017. Ergonomic Principles Related to Mental Workload — Part 1: General Issues and Concepts, Terms and Definitions. Available online at: https://www.iso.org/obp/ui/#iso:std:iso:10075:-1:ed-1:v1:en (accessed June 28, 2023).

 ISO International Organization for Standardization (2019). ISO 9241-210:2010. Ergonomics of Human-System Interaction: Human-Centred Design for Interactive Systems. Available online at: https://www.iso.org/obp/ui/#iso:std:iso:9241:-210:ed-1:v1:en (accessed June 28, 2023).

 ISO International Organization for Standardization (2020). ISO 9241-210:2010. Ergonomics of Human-System Interaction: Human-Centred Design for Interactive Systems. Available online at: https://www.iso.org/obp/ui/#iso:std:iso:9241:-210:ed-1:v1:en (accessed June 28, 2023).

 Iwanowa, A. (2006). “Das Ressourcen-Anforderungen-Stressoren-Modell,” in Zur Psychologie der Tätigkeiten. Schriften zur Arbeitspsychologie, eds. P. Sachse and W. Weber (Bern: Huber), 265–283.

 Jacobs, M., Pradier, M. F., McCoy, T. H. Jr, Perlis, R. H., Doshi-Velez, F., and Gajos, K. Z. (2021). How machine-learning recommendations influence clinician treatment selections: the example of antidepressant selection. Transl. Psychiatry 11, 108. doi: 10.1038/s41398-021-01224-x

 Jarrahi, M. H. (2018). Artificial intelligence and the future of work: human-AI symbiosis in organizational decision making. Bus. Horiz. 61, 577–586. doi: 10.1016/j.bushor.2018.03.007

 Jin, M. H., and McDonald, B. (2017). Understanding employee engagement in the public sector: the role of immediate supervisor, perceived organizational support, and learning opportunities. Am. Rev. Public Admin. 47, 881–897. doi: 10.1177/0275074016643817

 Jussupow, E., Spohrer, K., Heinzl, A., and Gawlitza, J. (2021). Augmenting medical diagnosis decisions? An investigation into physicians' decision-making process with artificial intelligence. Inform. Syst. Res. 32, 713–735. doi: 10.1287/isre.2020.0980

 Kalkbrenner, M. T. (2021). Enhancing assessment literacy in professional counseling: a practical overview of factor analysis. Prof. Couns. 11, 267–284. doi: 10.15241/mtk.11.3.267

 Karasek, R. A. (1979). Job demands, job decision latitude, and mental strain: implications for job redesign. Admin. Sci. Q. 24, 285. doi: 10.2307/2392498

 Kauffeld, S., and Schermuly, C. C. (2011). “Arbeitszufriedenheit und Arbeitsmotivation,” in Springer-Lehrbuch. Arbeits-, Organisations- und Personalpsychologie für Bachelor, ed. S. Kauffeld (Berlin; Heidelberg: Springer), 179–194.

 Kim, J., Davis, T., and Hong, L. (2022). “Augmented intelligence: enhancing human decision making,” in Bridging Human Intelligence and Artificial Intelligence, eds. M. V. Albert, L. Lin, M. J. Spector, and L. S. Dunn (Cham: Springer), 151–170.

 Kirste, M. (2019). “Augmented Intelligence – Wie Menschen mit KI zusammen Arbeiten,” in Open. Künstliche Intelligenz: Technologie, Anwendung, Gesellschaft, 1st Edn, ed. V. Wittpahl (Berlin; Heidelberg: Springer Vieweg), 58–71.

 Klopping, I. M., and McKinney, E. (2004). Extending the technology acceptance model and the task-technology fit model to consumer e-commerce. Inf. Technol. Learn. Perform. J. 22, 1.

 Kohl, M. (2012). Performance measures in binary classification. Int. J. Stat. Med. Res. 1, 79–81. doi: 10.6000/1929-6029.2012.01.01.08

 Koltay, T. (2017). “Information overload in a data-intensive world,” in Understanding Information, ed. A. J. Schuster (Cham: Springer), 197–217.

 Konys, A., and Nowak-Brzezińska, A. (2023). Knowledge engineering and data mining. Electronics 12, 927. doi: 10.3390/electronics12040927

 Korner, S., and Brown, G. (1990). Exclusion of children from family psychotherapy: family therapists' beliefs and practices. J. Fam. Psychol. 3, 420–430. doi: 10.1037/h0080555

 Körner, U., Müller-Thur, K., Lunau, T., Dragano, N., Angerer, P., and Buchner, A. (2019). Perceived stress in human-machine interaction in modern manufacturing environments-Results of a qualitative interview study. Stress Health. 35, 187–199. doi: 10.1002/smi.2853

 Kraus, T., Gaschow, L., Eisenträger, M., and Wischmann, S. (2021). Erklärbare KI – Anforderungen, Anwendungsfälle und Lösungen. Available online at: https://vdivde-it.de/de/publikation/erklaerbare-ki-anforderungen-anwendungsfaelle-und-loesungen (accessed June 28, 2023).

 Krcmar, H. (2011). Einführung in das Informationsmanagement. Berlin; Heidelberg: Springer-Lehrbuch. doi: 10.1007/978-3-642-15831-5

 Krieger, P., and Lausberg, C. (2021). Entscheidungen, Entscheidungsfindung und Entscheidungsunterstützung in der Immobilienwirtschaft: Eine systematische Literaturübersicht. Z. Immobilienökonomie. 7, 1–33. doi: 10.1365/s41056-020-00044-2

 Lackey, S. J., Salcedo, J. N., Szalma, J. L., and Hancock, P. A. (2016). The stress and workload of virtual reality training: the effects of presence, immersion and flow. Ergonomics. 59, 1060–1072. doi: 10.1080/00140139.2015.1122234

 Langer, M., König, C. J., and Busch, V. (2021). Changing the means of managerial work: effects of automated decision support systems on personnel selection tasks. J. Bus. Psychol. 36, 751–769. doi: 10.1007/s10869-020-09711-6

 Latos, B. A., Harlacher, M., Przybysz, P. M., and Mutze-Niewohner, S. (2017). “Transformation of working environments through digitalization: exploration and systematization of complexity drivers,” in IEEE International Conference on Industrial Engineering and Engineering Management (IEEM) 2017 (Singapore: IEEE Publications).

 Lazarus, R. S., and Folkman, S. (1984). Stress, Appraisal, and Coping. New York, NY: Springer Publishing Company.

 Lean, Y., and Shan, F. (2012). Brief review on physiological and biochemical evaluations of human mental workload. Hum. Factors Man. 22, 177–187. doi: 10.1002/hfm.20269

 Lee, D., Moon, J., and Kim, Y. J. (2007). “The effect of simplicity and perceived control on perceived ease of use,” in AMCIS 2007 Proceedings. Association for Information Systems.

 Lee, M. H., Siewiorek, D. P., Smailagic, A., Bernardino, A., and Bermúdez i Badia, S. (2021). “A human-AI collaborative approach for clinical decision making on rehabilitation assessment,” in Proceedings of the 2021 CHI Conference on Human Factors in Computing Systems. ACM.

 Li, D., Pehrson, L. M., Lauridsen, C. A., Tøttrup, L., Fraccaro, M., Elliott, D., et al. (2021). The added effect of artificial intelligence on physicians' performance in detecting thoracic pathologies on CT and chest X-ray: a systematic review. Diagnostics. 11, 2206. doi: 10.3390/diagnostics11122206

 Lingmont, D. N. J., and Alexiou, A. (2020). The contingent effect of job automating technology awareness on perceived job insecurity: exploring the moderating role of organizational culture. Technol. Forecasting Soc. Change. 161, 120302. doi: 10.1016/j.techfore.2020.120302

 Liu, C. F., Chen, Z. C., Kuo, S. C., and Lin, T. C. (2022). Does AI explainability affect physicians' intention to use AI? Int. J. Med. Inform. 168, 104884. doi: 10.1016/j.ijmedinf.2022.104884

 Loukidou, L., Loan-Clarke, J., and Daniels, K. (2009). Boredom in the workplace: more than monotonous tasks. Int. J. Manag. Rev. 11, 381–405. doi: 10.1111/j.1468-2370.2009.00267.x

 Lu, L., and Argyle, M. (1991). Happiness and cooperation. Pers. Individ. Dif. 12, 1019–1030. doi: 10.1016/0191-8869(91)90032-7

 Lyell, D., Magrabi, F., and Coiera, E. (2018). The effect of cognitive load and task complexity on automation bias in electronic prescribing. Hum. Factors. 60, 1008–1021. doi: 10.1177/0018720818781224

 Machdar, N. M. (2019). The effect of information quality on perceived usefulness and perceived ease of use. Bus. Entrep. Rev. 15, 131–146. doi: 10.25105/ber.v15i2.4630

 Maes, P. (1995). “Agents that reduce work and information overload,” in Readings in Human–Computer Interaction (Elsevier), 811–821.

 Mayer, A.-S., Strich, F., and Fiedler, M. (2020). Unintended consequences of introducing AI systems for decision making. MIS Q. Exec. 19, 239–257. doi: 10.17705/2msqe.00036

 Maynard, D. C., and Hakel, M. D. (1997). Effects of objective and subjective task complexity on performance. Hum. Perform. 10, 303–330. doi: 10.1207/s15327043hup1004_1

 Mercado, J. E., Rupp, M. A., Chen, J. Y. C., Barnes, M. J., Barber, D., and Procci, K. (2016). Intelligent agent transparency in human-agent teaming for multi-UxV management. Hum. Factors. 58, 401–415. doi: 10.1177/0018720815621206

 Meske, C., and Bunde, E. (2022). Design principles for user interfaces in AI-based decision support systems: the case of explainable hate speech detection. Inf. Syst. Front. 25, 743–773. doi: 10.1007/s10796-021-10234-5

 Miller, D., and Lee, J. (2001). The people make the process: commitment to employees, decision making, and performance. J. Manag. 27, 163–189. doi: 10.1177/014920630102700203

 Minge, M., Thüring, M., Wagner, I., and Kuhr, C. V. (2017). “The meCUE questionnaire: a modular tool for measuring user experience,” in Advances in Ergonomics Modeling, Usability and Special Populations, eds. M. Soares, C. Falcão, and T. Z. Ahram (Cham: Springer), 115–128.

 Misra, S., Roberts, P., and Rhodes, M. (2020). Information overload, stress, and emergency managerial thinking. Int. J. Disaster Risk Reduc. 51, 101762. doi: 10.1016/j.ijdrr.2020.101762

 Mohr, G., Müller, A., Rigotti, T., Aycan, Z., and Tschan, F. (2006). The assessment of psychological strain in work contexts. Eur. J. Psychol. Assess. 22, 198–206. doi: 10.1027/1015-5759.22.3.198

 Moosbrugger, H., and Kelava, A. (2008). Testtheorie und Fragebogenkonstruktion. Berlin; Heidelberg: Springer.

 Morgeson, F. P., and Humphrey, S. E. (2006). The Work Design Questionnaire (WDQ): developing and validating a comprehensive measure for assessing job design and the nature of work. J. Appl. Psychol. 91, 1321–1339. doi: 10.1037/0021-9010.91.6.1321

 Mosaly, P. R., Mazur, L. M., Yu, F., Guo, H., Derek, M., Laidlaw, D. H., et al. (2018). Relating task demand, mental effort and task difficulty with physicians' performance during interactions with electronic health records (EHRs). Int. J. Hum. Comput. Interact. 34, 467–475. doi: 10.1080/10447318.2017.1365459

 Mvududu, N. H., and Sink, C. A. (2013). Factor analysis in counseling research and practice. Couns. Outcome Res. Eval. 4, 75–98. doi: 10.1177/2150137813494766

 Nicodeme, C. (2020). “Build confidence and acceptance of AI-based decision support systems - Explainable and liable AI,” in 13th International Conference on Human System Interaction (HSI) 2020. Tokyo: IEEE Publications.

 Nisar, S. K., and Rasheed, M. I. (2020). Stress and performance: investigating relationship between occupational stress, career satisfaction, and job performance of police employees. J. Public Aff. 20, e1986. doi: 10.1002/pa.1986

 Omar, N., Munir, Z. A., Kaizan, F. Q., Noranee, S., and Malik, S. A. (2019). The impact of employees motivation, perceived usefulness and perceived ease of use on employee performance among selected public sector employees. Int. J. Acad. Res. Bus. Soc. Sci. 9, 6074. doi: 10.6007/IJARBSS/v9-i6/6074

 Panigutti, C., Beretta, A., Giannotti, F., and Pedreschi, D. (2022). “Understanding the impact of explanations on advice-taking: a user study for AI-based clinical Decision Support Systems,” in CHI Conference on Human Factors in Computing System, eds. S. Barbosa, C. Lampe, C. Appert, Shamma, A. David, S. Drucker, J. Williamson, and K. Yatani (New York, NY: Association for Computing Machinery), 1–9.

 Pedreschi, D., Giannotti, F., Guidotti, R., Monreale, A., Ruggieri, S., and Turini, F. (2019). Meaningful explanations of black Box AI decision systems. AAAI. 33, 9780–9784. doi: 10.1609/aaai.v33i01.33019780

 Peer, E., Rothschild, D., Gordon, A., Evernden, Z., and Damer, E. (2022). Data quality of platforms and panels for online behavioral research. Behav. Res. Methods. 54, 1643–1662. doi: 10.3758/s13428-021-01694-3

 Phillips-Wren, G., and Adya, M. (2020). Decision making under stress: the role of information overload, time pressure, complexity, and uncertainty. J. Decis. Syst. 29(Suppl. 1), 213–225. doi: 10.1080/12460125.2020.1768680

 Porst, R. (2013). Fragebogen: Ein Arbeitsbuch. Wiesbaden: Springer.

 Prakash, A. V., and Das, S. (2020). Intelligent conversational agents in mental healthcare services: a thematic analysis of user perceptions. PAJAIS 12, 1–34. doi: 10.17705/1thci.12201

 Rajula, H. S. R., Verlato, G., Manchia, M., Antonucci, N., and Fanos, V. (2020). Comparison of conventional statistical methods with machine learning in medicine: diagnosis, drug development, and treatment. Medicina 56, 455. doi: 10.3390/medicina56090455

 Rau, R., Schweden, F., Hoppe, J., and Hacker, W. (2021). Verfahren zur Tätigkeitsanalyse und-Gestaltung bei Mentalen Arbeitsanforderungen (TAG-MA). Kröning: Asanger.

 Richter, G. (2000). Psychische Belastung und Beanspruchung. Stress, psychische Ermüdung, Monotonie, psychische Sättigung. Dortmund: Bundesamt für Arbeitsschutz und Arbeitsmedizin.

 Richter, G., Henkel, D., Rau, R., and Schütte, M. (2014). “Infoteil A: Beschreibung psychischer Belastungsfaktoren bei der Arbeit,” in Erfahrungen und Empfehlungen, eds. B. f.ü.r. Berlin: Arbeitsschutz, und Arbeitsmedizin (Chair), Gefährdungsbeurteilung psychischer Belastung.

 Rigopoulos, G., Psarras, J., and Th. Askoun, D. (2008). A TAM model to evaluate user's attitude towards adoption of decision support systems. J. Appl. Sci. 8, 899–902. doi: 10.3923/jas.2008.899.902

 Rohmert. (1984). Das Belastungs-Beanspruchungs-Konzept. Z. Arbeitswissenschaft. 38, 193–200.

 Rowden, R. W., and Conine, C. T. (2005). The impact of workplace learning on job satisfaction in small US commercial banks. J. Workplace Learn. 17, 215–230. doi: 10.1108/13665620510597176

 Rudolph, E., Schönfelder, E., and Hacker, W. (2017). Tätigkeitsbewertungssystem – Geistige Arbeit (Langform) TBS-GA (L) (PT Verlag) PT Verlag.

 Rusli, B. N., Edimansyah, B. A., and Naing, L. (2008). Working conditions, self-perceived stress, anxiety, depression and quality of life: a structural equation modelling approach. BMC Public Health 8, 48. doi: 10.1186/1471-2458-8-48

 Sailer, M. (2016). Wirkung von Gamification auf Motivation. Wiesbaden: Springer.

 Sati, R. A. S., and Ramaditya, M. R. (2020). Effect of Perception of Benefits, Easy Perception of Use, Trust and Risk Perception Towards Interest Using E-money. Sekolah Tinggi Ilmu Ekonomi Indonesia Jakarta.

 Saxena, D., and Lamest, M. (2018). Information overload and coping strategies in the big data context: evidence from the hospitality sector. J. Inf. Sci. 44, 287–297. doi: 10.1177/0165551517693712

 Schulz-Dadaczynski, A. (2017). Umgang mit Zeit-und Leistungsdruck. Eher Anpassung als Reduktion. Präv. Gesundheitsf. 12, 160–166. doi: 10.1007/s11553-017-0582-5

 Semmer, N. K., and Zapf, D. (2018). “Theorien der Stressentstehung und -bewältigung,” in Handbuch Stressregulation und Sport, eds. R. Fuchs and M. Gerber (Berlin; Heidelberg: Springer), 23–50.

 Shin, D. (2020). User perceptions of algorithmic decisions in the personalized AI system:perceptual evaluation of fairness, accountability, transparency, and explainability. J. Broadcast. Electron. Media. 64, 541–565. doi: 10.1080/08838151.2020.1843357

 Shin, D. (2021). The effects of explainability and causability on perception, trust, and acceptance: implications for explainable AI. Int. J. Hum. Comput. Stud. 146, 102551. doi: 10.1016/j.ijhcs.2020.102551

 Shin, D., Zhong, B., and Biocca, F. A. (2020). Beyond user experience: what constitutes algorithmic experiences? Int. J. Inform. Manag. 52, 1–11. doi: 10.1016/j.ijinfomgt.2019.102061

 Shrivastav, H., and Kongar, E. (2021). “Information overload in organization: impact on decision making and influencing strategies,” in IEEE Technology and Engineering Management Conference – Europe (TEMSCON-EUR) 2021. Dubrovnik: IEEE Publications.

 Silva, J. P., and Gonçalves, J. (2022). Process standardization: “The driving factor for bringing artificial intelligence and management analytics to SMEs,” in 10th International Symposium on Digital Forensics and Security (ISDFS) 2022 Istanbul: IEEE Publications.

 Skitka, L. J., Mosier, K. L., and Burdick, M. (1999). Does automation bias decision-making? Int. J. Hum. Comput. Stud. 51, 991–1006. doi: 10.1006/ijhc.1999.0252

 Spector, J. M., and Ma, S. (2019). Inquiry and critical thinking skills for the next generation: from artificial intelligence back to human intelligence. Smart Learn. Environ. 6, 1–11. doi: 10.1186/s40561-019-0088-z

 Steil, A. V., de Cuffa, D., Iwaya, G. H., and Pacheco, R. Cd. S. (2020). Perceived learning opportunities, behavioral intentions and employee retention in technology organizations. J. Workplace Learn. 32, 147–159. doi: 10.1108/JWL-04-2019-0045

 Stemmann, J., and Lang, M. (2014). Theoretische Konzeption einer allgemeinen technischen Problemlösefähigkeit und Möglichkeiten ihrer Diagnose. J. Tech. Educ. 2, 80–101.

 Stenzl, A., Sternberg, C. N., Ghith, J., Serfass, L., Schijvenaars, B. J. A., and Sboner, A. (2022). Application of artificial intelligence to overcome clinical information overload in urological cancer. BJU Int. 130, 291–300. doi: 10.1111/bju.15662

 Stowers, K., Kasdaglis, N., Rupp, M. A., Newton, O. B., Chen, J. Y. C., and Barnes, M. J. (2020). The Impact of agent transparency on human performance. IEEE Trans. Hum. Mach. Syst. 50, 245–253. doi: 10.1109/THMS.2020.2978041

 Suki, N. M., and Suki, N. M. (2011). Exploring the relationship between perceived usefulness, perceived ease of use, perceived enjoyment, attitude and subscribers' intention towards using 3G mobile services. J. Inf. Technol. Manag. 22, 1–7.

 Syrek, C. J., Apostel, E., and Antoni, C. H. (2013). Stress in highly demanding IT jobs: transformational leadership moderates the impact of time pressure on exhaustion and work-life balance. J. Occup. Health Psychol. 18, 252–261. doi: 10.1037/a0033085

 Theron, J. C. (2014). Dying for information? An investigation into the effects of information overload in the UK and worldwide. S. Afr. J. Libr. Inf. Sci. 66, 1454. doi: 10.7553/66-1-1454

 Timiliotis, J., Blümke, B., Serfözö, P. D., Gilbert, S., Ondrésik, M., Türk, E., et al. (2022). A novel diagnostic decision support system for medical professionals: prospective feasibility study. JMIR Form. Res. 6, e29943. doi: 10.2196/29943

 Trägner, U. (2006). Arbeitszeitschutzrechtliche Bewertung der Intensität von Arbeitsleistungen: Unter Besonderer Berücksichtigung der Rechtsprechung des Europäischen Gerichtshofes zum Bereitschaftsdienst. Hartung-Gorre Verlag.

 Tsakonas, G., and Papatheodorou, C. (2008). Exploring usefulness and usability in the evaluation of open access digital libraries. Inf. Process. Manag. 44, 1234–1250. doi: 10.1016/j.ipm.2007.07.008

 Tutun, S., Johnson, M. E., Ahmed, A., Albizri, A., Irgil, S., Yesilkaya, I., et al. (2023). An AI-based decision support system for predicting mental health disorders. Inf. Syst. Front. 25, 1261–1276. doi: 10.1007/s10796-022-10282-5

 Ulich, E. (2011). Arbeitspsychologie. Zurich: Vdf Hochschulverlag.

 van Laar, E., van Deursen, A. J. A. M., van Dijk, J. A. G. M., and de Haan, J. (2017). The relation between 21st-century skills and digital skills: a systematic literature review. Comput. Hum. Behav. 72, 577–588. doi: 10.1016/j.chb.2017.03.010

 Venkatesh, V., and Davis, F. D. (2000). A theoretical extension of the technology acceptance model: four longitudinal field studies. Manag. Sci. 46, 186–204. doi: 10.1287/mnsc.46.2.186.11926

 Vosloban, R. I. (2012). The influence of the employee's performance on the Company's growth - A managerial perspective. Procedia Econ. Fin. 3, 660–665. doi: 10.1016/S2212-5671(12)00211-0

 Walch, K. (2020). Is There A Difference Between Assisted Intelligence Vs. Augmented Intelligence? Forbes. Available online at: https://www.forbes.com/sites/cognitiveworld/2020/01/12/is-there-a-difference-between-assisted-intelligence-vs-augmented-intelligence/?sh=a23756f26aba (accessed July 7, 2023).

 Wanner, J. (2021). Do you really want to know why? “Effects of AI-based DSS advice on human decisions,” in Proceedings of Americas Conference on Information Systems (AMCIS) 2021.

 Westenberger, J., Schuler, K., and Schlegel, D. (2022). Failure of AI projects: understanding the critical factors. Procedia Comput. Sci. 196, 69–76. doi: 10.1016/j.procs.2021.11.074

 Wilkens, U. (2020). Artificial intelligence in the workplace – A double-edged sword. Int. J. Inf. Learn. Technol. 37, 253–265. doi: 10.1108/IJILT-02-2020-0022

 Wook Seo, Y., Chang Lee, K., and Sung Lee, D. (2013). The impact of ubiquitous decision support systems on decision quality through individual absorptive capacity and perceived usefulness. Online Inf. Rev. 37, 101–113. doi: 10.1108/14684521311311658

 Yin, J., and Qiu, X. (2021). Ai technology and online purchase intention: structural equation model based on perceived value. Sustainability. 13, 5671. doi: 10.3390/su13105671

 Zapf, D. (1998). Psychische Belastungen in der Arbeitswelt – Ein Überblick. Available online at: https://www.guss-net.de/fileadmin/media/Projektwebsites/Guss-Net/Dokumente/service/downloads/allgemeine_infos_arbeit_gesundheit/08_Psychische_Belastungen_09.pdf (accessed June 28, 2023).

 Zeffane, R., and McLoughlin, D. (2006). Cooperation and stress: exploring the differential impact of job satisfaction, communication and culture. Manag. Res. Rev. 29, 618–631. doi: 10.1108/01409170610712326

 Zhang, S., Zang, X., and Zhang, F. (2021). Development and validation of the win-win scale. Front. Psychol. 12, 657015. doi: 10.3389/fpsyg.2021.657015

 Zhang, Y., Liao, Q. V., and Bellamy, R. K. E. (2020). “Effect of confidence and explanation on accuracy and trust calibration in AI-assisted decision making.” in Proceedings of the 2020 Conference on Fairness, Accountability, and Transparency (New York, NY: Association for Computing Machinery), 295–305.



OPS/images/frai-06-1249322-t004.jpg
Characteristics Number Range of = Cronbach'’s Mean Standard
or load of items the scale value deviation
1 System characteristics PU 5 15 0.84 385 0.64
PEU 5 15 0.84 3.67 0.69
PC 4 15 0.77 338 0.73
PA 4 15 0.83 3.63 0.77
meCue 6 15 0.86 372 0.67
Load indicators IsU 3 15 0.88 222 0.85
Satisfaction with system 1 15 - 3.50 0.92
use
Trust in the system 1 110 - 7.15 1.60
2 Task characteristics PCDR 4 15 0.72 320 0.78
PCCR 3 15 0.87 2.96 1.01
PLA 3 15 0.76 294 0.90
PUQL 3 15 0.82 321 0.90
PTPP 2 15 0.76 295 0.99
PQD 3 1;5 0.76 2.19 0.87
Load indicators Stress experience 6 15 0.86 2.09 0.74
Mental effort 1 110 - 6.76 1.89
Mental exhaustion 1 110 = 5.35 217
Task enjoyment 1 110 - 5.54 225
Competence experience 4 15 0.77 3.66 0.69
in task processing
3 Job characteristics PJI 3 1,5 0.88 223 1.02
Load indicators Job satisfaction 1 1;10 - 6.92 2.08
N=471.

ISU, Irritation during System use; PA, Perceived Availability; PC, Perceived Comprehensibility; PCCR, Perceived Cooperation and Communication; PCDR, Perceived Complexity and Decision-
making Requirements; PEU, Perceived Ease of Use; PJI, Perceived Job Insecurity; PLA, Perceived Latitude for activity; PQD, Perceived Qualification deficit; PTPP, Perceived Time and
performance pressure; PU, Perceived Usefulness; PUQL, Perceived Use of Qualifications and Learning Opportunities.
PAAI criteria are shown in italics.
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Good fit 0< x2df <02 0.97 < CFI < 1.00 0.97 < TLI < 1.00 0 < RMSEA < 0.05 0 < SRMR < 0.05

Acceptable fit 0.2 < x2/df <03 0.95 < CFI < 0.97 0.95 < TLI < 0.97 0.05 < RMSEA < 0.08 0.05 < SRMR < 0.10

Models tested

Level 1 scales 1.76 0.97 0.97 0.04 0.04

Level 2 scales 2.04 0.96 0.95 0.05 0.04

Level 3 scales 0 1.00 1.00 0.00 0.00

All scales 1.45 0.96 0.96 0.03 0.04
N=471.

%2, Chi squared; df, degree of freedom; CFI, Comparative Fit Index; RMSEA, Root Mean Square Error of Approximation; SRMR, Standardized Root Mean Residual; TLIL Trucker-Lewis index.
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Characteristics group

Evaluation criteria on task
level

Associated outcomes on
professionals’ psychological
load and load consequences

Possible positive intended effect
through system implementation

Possible negative unintended
effect through system
implementation

Requirements

Perceived Complexity and
decision-making requirements (PCDR)

Perceived cooperation and
communication requirements (PCCR)

Stress (Phillips-Wren and Adya, 2020);
Performance (Maynard and Hakel, 1997;
Mosaly et al., 2018; Chinelato et al., 2019);
mental effort (Mosaly et al,, 2018);
satisfaction (Morgeson and Humphrey,
2006)

Stress (Zeffane and McLoughlin, 2006);
mental health (Lu and Argyle, 1991);
happiness (Lu and Argyle, 1991)

‘With Al-based system support, professionals
probably perceive tasks/decisions as less
complex or feel more confident in dealing with
them (Mayer et al,, 2020; Wanner, 2021). Asa
result, they feel less stressed (Cai et al., 2019; Lee
etal, 2021). The improved data-driven decision
basis is also expected to improve decision quality
and performance (Li et al,, 20213 Wanner, 2021).

If employees feel more confident in
decision-making situations with system support,
the need for cooperation with colleagues is likely
to decrease. If these were previously perceived as
too high and high losses of time and energy were
associated with them, this can have a positive
effect on the experience of psychological load.

There is the risk of automation bias, in that users
may come to often rely on the system’s advice
and not critically reflect on it (Skitka et al., 19995
Mayer et al., 2020; Panigutti et al., 2022). They
may then perceive the task as not complex
enough or monotonous, which can lead them to
feel under challenged and bored (Loukidou
etal,, 2009).

If employees feel more confident in
decision-making situations with system support,
the need for exchange with colleagues is likely to
decrease. If these were previously perceived as
appropriate, this can be perceived as negative,
since social exchange reduced, for example.

Resource Perceived Latitude for activity (PLA) Work engagement (Dettmers and Krause, No effects are expected. The introduction of new technologies like Al is
2020); satisfaction (Morgeson and often accompanied by process standardization
Humphrey, 2006); motivation (Glaser etal., (Silva and Gongalves, 2022), which in turn
2015); loss of irritation (Glaser et al., 2015; probably limit professionals’ perceived latitude
Dettmers and Krause, 2020); loss of for activity.
psychosomatic complaints (Dettmers and
Krause, 2020)
Perceived use of qualifications and Satisfaction (Rowden and Conine, 2005); No effects are expected. There is a risk that by using Al-based DSSs,
learning opportunities (PUQL) engagement (Jin and McDonald, 2017); professionals rely little on their own skills and
intention to stay (Steil et al., 2020) thus lose their expertise over time. Since there is
no maintenance learning and they do not take
advantage of learning opportunities (Mayer
etal, 2020).
Stressors Perceived information overload (PIO) Irritation (Dettmers and Krause, 2020); Through the use of Al-based DSSs that bundle Often, stressors influence psychological load to

Perceived lack of information (PLI)

stress (Misra et al., 2020); tension (Theron,
2014); tiredness (Theron, 2014); loss of job
satisfaction; (Theron, 2014); decision
quality (Hwang and Lin, 1999)

Irritation (Dettmers and Krause, 2020);
psychosomatic complaints (Dettmers and
Krause, 2020)

and process information, the information
overload should perceived to be less or its
handling easier due to the new resource (Maes,
1995; Aussu, 2023).

By using the system, it is likely for fewer
information deficits to occur, as the system
generates new patterns, new information, and
insights from the data (Haefner et al, 2021).

such an extent that they can overshadow other
work characteristics (Phillips- Wren and Adya,
2020). Therefore, there is an Al-based DSSs will
have little or no impact on professionals”
psychological load experience if they remain too
high.

Perceived time and performance
pressure (PTPP)

Perceived qualification deficits (PQD)

Irritation (Dettmers and Krause, 2020);
psychosomatic complaints (Dettmers and
Krause, 2020); exhaustion (Syrek et al.,
2013); loss of work-life balance (Syrek
etal, 2013)

Irritation (Dettmers and Krause, 2020);
psychosomatic complaints (Dettmers and
Krause, 2020); loss of work engagement
(Dettmers and Krause, 2020)

It can be assumed that the use of Al-based DSSs
alleviates the time and performance pressure
experienced by professionals. This is primarily
attributed to the system enabling employees to
make faster and more confident decisions.
Alternatively, a similar level of pressure may be
perceived, but the associated challenges can be
better managed by professionals through the use
of the aforementioned technology (Wanner,
2021; Tutun et al., 2023).

Itis likely that Al-based systems compensate for
existing skill deficiencies of professionals (Gaube
etal,, 2023) consequently reducing the
experience of negative load consequences.
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3 0.82 0.79 31 0.72 0.71 58 0.89 0.89
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10 077 074 35 0.8 084
11 0.70 0.67 PLA 37 057 059
14 0.74 0.77 38 0.78 0.67
15 074 075 41 072 077
PC 16 083 0.76 PUQL 42 073 075
18 071 070 43 073 0.76
20 0.69 0.70 44 0.86 0.81
21 0.69 0.74 PTPP 51 075 0.75
PA 23 059 0.62 53 0.76 0.76
24 0.78 0.76 PQD 54 0.87 087
25 078 078 55 083 083
26 0.77 0.76 56 0.77 0.77
ISU 27 —0.89 0.89
28 —091 091
29 —0.82 0.82
Model fit indices: Model fit indices: Model fit indices:
x/df =1.48 X /df =1.48 x2ldf =0
CFI1=097 CF1=097 CFI = 100
TLI = 0.96 TLI = 0.96 TLI = 1.00
RMSEA = 0.05 RMSEA = 0.05 RMSEA = 0.00
SRMR = 0.04 SRMR = 0.05 SRMR = 0.00
N=223.

%2, Chi squared; df, degree of freedom; CFI, Comparative Fit Index; ISU, Irritation during System use; PA, Perceived Availability; PC, Perceived Comprehensibility; PCCR, Perceived Cooperation and Communication; PCDR, Perceived Complexity and Decision-making
Requirements; PEU, Perceived Ease of Use; PJI, Perceived Job Insecurity; PLA, Perceived Latitude for activity; PQD, Perceived Qualification deficit; PTPP, Perceived Time and performance pressure; PU, Perceived Usefulness; PUQL, Perceived Use of Qualifications
and Learning Opportunities; RMSEA, Root Mean Square Error of Approximation; SRMR, Standardized Root Mean Residual; TLI, Trucker-Lewis index.
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