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Introduction: The emergence of Artificial Intelligence (AI) has revolutionized decision-making in human resource management. Since human and AI each possesses distinct strengths in the realm of decision-making, the synergy between human and AI agent has the potential to significantly enhance both the efficiency and the quality of managerial decision-making processes. Although assigning decision weights to AI agents presents innovative avenues for human-AI collaboration, the underlying mechanisms driving the allocation of decision weights to AI agents remain inadequately understood. To elucidate these mechanisms, this paper examines the influence of trust in AI on AI weight allocation within the framework of human-AI cooperation, leveraging the Socio-Cognitive Model of Trust (SCMT).

Methods: We conducted a series of survey studies involving scenario-based decision-making tasks. Study 1 examined the relationship between trust in AI and AI weight among 111 managers about employee recruitment tasks. Study 2 surveyed 210 managers using employee performance evaluation tasks.

Results: The results of Study 1 indicated that trust in AI enhances the decisional weight attributed to AI agents, and willingness to collaborate with AI mediates trust in AI and the weight of AI in personnel selection. The findings of Study 2 revealed that the perceived free will of AI agents negatively moderates the relationship between trust in AI and willing to collaborate with AI, such that the relationship is weaker when individuals perceive a higher degree of free will in AI agents than a lower degree.

Discussion: Theoretically, this paper advances the understanding of the function of trust in human-AI interaction by exploring the trust development from attitude to act in human-AI cooperative decision-making. Practically, it offers valuable insights into the design of AI agent and organizational management within the context of human-AI collaboration.
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1 Introduction

Artificmial intelligence (AI) agents are computer-generated entities that are graphically represented and can either simulate fictional characters or emulate real human behaviors through AI-driven control (Alabed et al., 2022; Jeon, 2024). The advent of AI agents aligns with the emerging trend of organizations integrating human-AI collaboration into their decision-making frameworks (Lu, 2019). Over the last decades, AI has progressively developed cognitive capabilities comparable to those of humans, achieved through advancements in neural networks, machine learning, and human-computer interaction (Mbunge and Batani, 2023; Wang et al., 2020). Consequently, AI agents can efficiently aggregate and analyze vast amounts of historical data for rapid evaluation. Driven by the exponential growth of digital data and continuous breakthroughs in AI technologies, decision-making processes are increasingly being automated (Ahmad Husairi and Rossi, 2024; Ashoori and Weisz, 2019; Lomborg et al., 2023), encompassing applications such as personalized shopping recommendations, news curation, medical diagnostics, and financial portfolio management (Chua et al., 2023; Dilsizian and Siegel, 2014; Thurman and Schifferes, 2012).

Trust in humans is fundamentally characterized by one's beliefs about another's ability, benevolence, and integrity (Mayer et al., 1995). In contrast, trust in technology primarily stems from perceptions of its functionality, reliability, and helpfulness (Mcknight et al., 2011). The critical distinction between these two forms of trust lies in the presence of consciousness and moral agency in the trustee (Mcknight et al., 2011). However, as AI agents increasingly exhibit human-like attributes, this distinction is becoming less pronounced. Consequently, scholars have proposed that trust in AI encompasses both trust in AI human-like qualities and AI's functional capabilities (Choung et al., 2023). This conceptualization suggests that trust in AI represents both an extension and an evolution of traditional interpersonal trust paradigms. These developments underscore the critical need to examine trust in AI dynamics and their organizational management implications.

Trust in AI is the attitude that an agent can help an individual achieve a goal in a situation of known uncertainty and vulnerability (Lee and See, 2004). In the context of human-AI cooperation, trust is not only the basis for human-AI cooperation (Esterwood and Robert, 2021), but also affects the performance and efficiency of the human-AI team (McNeese et al., 2021). People's trust in AI agents can significantly increase people's adoption of AI agents and its recommendations in decision-making (Chua et al., 2023; Frank et al., 2023; Xu et al., 2024). Within the domain of organizational management, AI agents are allocated potential weight to make managerial decisions (Chowdhury et al., 2023; Köchling, 2023; Liu et al., 2023). Although human-AI joint decision-making has been applied in the workplace (Keding and Meissner, 2021), there has been inadequate discussion about the allocation of decision weights between humans and AI agents. AI weight is the decision weight people assign to AI in human-AI joint decision-making (Haesevoets et al., 2021). In some decision-making situations, AI agents have full decision-making weight, while in some situations, the AI has only partial decision-making weight or even no decision-making weight (Shrestha et al., 2019). In managerial decision-making processes, people do not want to exclude AI agents entirely, instead, they assign a certain weight (25%−30%) to AI agents (Haesevoets et al., 2021, 2024). However, the influencing mechanisms behind this allocation have not yet been fully demonstrated.

Considering that AI is already being used to offer solutions for managerial tasks, such as interview, evaluating job applicants, allocating work and predicting employee' performance (Chowdhury et al., 2023; Köchling, 2023; Liu et al., 2023; Raisch and Krakowski, 2021). As an important part of human resource management, the study of human-AI joint decision-making in recruitment and performance evaluation is of great significance to the development of human resource management under the trend of human-AI cooperation. In addition, previous research on human-AI joint decision-making in recruitment and performance evaluation provides the basis for this study (Haesevoets et al., 2021). Therefore, it is necessary to explore the intrinsic mechanism by which people assign decision weight to AI agents in recruitment and performance evaluation decision-making scenarios.

To be specific, this study aims to examine the mechanism how trust in AI shapes the weight allocated to AI in human-AI cooperation based on the development of Socio-Cognitive Model of Trust. In addition, considering the degree to which people perceive AI free will, we examine the contingencies that might alter the impact of trust in AI on the weight allocated to AI.

This research holds significant theoretical and practical importance. Firstly, our research reveals the development process of trust in human-AI interaction, and expands the application of the trust model in the field of human-AI cooperation. Secondly, we identify the boundary conditions that influence how trust nudges human-AI cooperation. Finally, this study presents a practical approach to human-AI joint decision-making in organizational management, introducing weight allocation method that may foster the future development of organizational management.



2 Literature review

When humans and AI make decisions together, they naturally form a human-AI team (McNeese et al., 2021; De Visser et al., 2020). “Human-centered Artificial Intelligence systems” believes that effective human AI teams need to be able to leverage the unique capabilities of humans and AI while overcoming each member's own limitations, enhancing human capabilities, and improving joint performance (Xu and Gao, 2024). AI has computing power and algorithmic logic exceeds the limited rationality of human, which provides it with a significant advantage in analytical decision-making (Gershman et al., 2015). In the speed of decision-making, AI rapidly acquires, processes, and analyses data without conflicting between accuracy and speed (Forstmann et al., 2010; Shrestha et al., 2019). Human possess qualities that cannot be completely replicated by AI, such as imagination, sensitivity, and creativity, which gives them an edge in intuitive decision-making (Vincent, 2021). In the face of uncertain, complex, and ambiguous problems, the combination of human and AI adapts organizational decision-making (Jarrahi, 2018). Thus, AI plus human collaboration could perform better than AI or human alone (Heer, 2019).

As AI permeates the human workplace, it is utilized to accomplish a variety of managerial tasks (Chowdhury et al., 2023; Liu et al., 2023; Raisch and Krakowski, 2021). Therefore, it is necessary to have a comprehensive understanding of the role AI plays in human-AI managerial decision-making. Generally, AI agent plays a key role in shaping organizational decision-making processes and performance. It serves as a tool for decision making by collecting information, interpreting data, recognizing patterns, generating results, answering questions and evaluating the results to improving decision-making (Ferràs-Hernández, 2018). The findings of Neiroukh et al. (2024) demonstrate that AI capability significantly and positively affects decision-making speed, decision quality, and overall organizational performance.

Trust in AI agent can help achieve an individual's goals in a situation characterized by uncertainty and vulnerability (Lee and See, 2004). The interpretability of AI plays a key role in the trust in AI (Mi, 2024). When AI algorithms support decision making, its often remain opaque to the decision makers and devoid of clear explanations for the decisions made (Burrell, 2016). While, explainable AI (XAI) can help decision makers detect incorrect suggestions made by algorithms and make better decisions (Janssen et al., 2020). Other characteristics related to AI interpretability, such as tangibility, immediacy, and transparency have also been shown to have a significant positive effect on trust in AI (O'Neill et al., 2022; Suen and Hung, 2023). Besides, the role of trust in human-AI interaction has received much attention (Ezer et al., 2019; Montague, 2010). Lee and See (2004) propose a theoretical model of the dynamics of trust in the context of automation. In human-AI interaction, cognitive trust formation from trust stance to trust intention. Trusting stance in AI agents can improve trusting beliefs in AI and these trusting beliefs has a significant positive effect on trusting intention, reflecting the likelihood to adopt/use AI agents (Tussyadiah, 2020). Research has shown that trust in AI can improve employee-AI collaboration, such as, increasing people's adoption of AI (Frank et al., 2023; Xu et al., 2024), behavioral intention to accept AI-based recommendations (Chua et al., 2023) and intention to cooperate with AI teammates (Hou et al., 2023; Kong et al., 2023).

Yet, there are also risks associated with an over-reliance on AI (Janssen et al., 2020). In order to avoid risks, people allocate different decision weight in human-AI decision-making. Regarding the AI weight in decision-making, there are two situations, one is whether AI has decision-making right (Ashoori and Weisz, 2019; Chua et al., 2023), and the other is how much weight AI has in decision-making (Haesevoets et al., 2021). According to Shrestha et al. (2019), there are three structural categories in human-AI managerial decision-making: (1) Full AI delegation, in which AI agents have full authority to make decisions. (2) Hybrid-Sequential decision-making structures: AI agent assists managers in making decisions, but does not have decision-making rights. (3) Aggregated human-AI decision-making: the AI agent can be seen as a “member” of the decision-making group and count its decisions toward the outcome. Empirical evidence shows that human managers are willing to accept that AI agent has about 30% of the decisional weight, which is on the lower end of the spectrum (Haesevoets et al., 2021).

In prior research, the technology acceptance model (TAM) has been utilized to elucidate individuals' adoption of new technologies (McLean and Osei-Frimpong, 2019). The original TAM identified perceived usefulness and perceived ease of use as the central constructs explaining technology adoption (Davis, 1989). As TAM has evolved, additional external factors such as social norms, perceived enjoyment, and trust have been incorporated into the framework to investigate individuals' intentions to utilize AI agents (Venkatesh and Bala, 2008; Venkatesh and Davis, 2000; Choung et al., 2023). In TAM, trust serves as a significant predictor of behavior, yet the complexity of trust has not been revealed. The Trust in Automation model posits that trust can be broken down into three overarching layers of variability: dispositional trust, situational trust, and learned trust (Hoff and Bashir, 2015). Although various factors influence each layer, people's trust in automated systems ultimately hinges on the integration of perceptions regarding the system's capabilities and reliability. Trust in Automation model tends to believe that the different layers of trust is relatively independent and lacks insights into the connections among the various layers. The Socio-Cognitive Model of Trust (SCMT) represents a more dynamic theoretical framework, positing trust as a composite and hierarchical concept comprising three components: Trust Attitude, Decision to Trust, and Act of Trust (Castelfranchi and Falcone, 2010). These components form a sequential continuum, evolving from initial trust propensity to active behavioral. Consequently, we employ the SCMT to examine the psychological mechanisms underlying how individuals assign weight to AI in decision-making processes.

Free will of AI has been a hotly debated topic. Free will can be defined as an independent force that is able to determine own purpose, create own intentions and change them deliberately and unpredictably (Romportl et al., 2013). The present investigation does not take a position on the reality of free will, nor is it even directly concerned with whether free will exists. Rather, it sought to investigate the consequences of belief in free will (Baumeister et al., 2009). Telling people they do not have free will can increase cheating and aggression (Alquist et al., 2013; Bergner and Ramon, 2013; Vohs and Schooler, 2008), decrease helping behavior and reduce self-control (Rigoni et al., 2012). However, high belief in free will related to positive outcomes such as higher job satisfaction (Feldman et al., 2018), better job performance (Stillman et al., 2010), and better academic performance (Feldman et al., 2016). The robots are governed by the laws of physics and programming, however these can be designed in such a way that the robots can exhibit free will (Ashrafian, 2015). Scholars who believe that a mechanism of free will shall form a necessary part of AI (Manzotti, 2011). A person or machine that can achieve various goals means that they have some degree of free will (Farnsworth, 2017; Saltik et al., 2021; Wallkötter et al., 2020). AI free will refers to the ability of AI to determine goals, create and adjust intentions based on actual situations, and choose strategies to take action (Krausová and Hazan, 2013). Autonomy refers to the AI system's capability to carry out its own processes and operations (Beer et al., 2014). Agency refers to the ability of AI to have the capacity to plan and act (Gray and Wegner, 2012). The autonomy, free will and agency of AI agents properties have common characteristics of plurality of possibilities and freedom of choice. Given the impact of autonomy and agency, the free will of AI agent may trigger people's identity threats and realistic identity threats (Złotowski et al., 2017) and affect the extent to which people are willing to use (Stafford et al., 2014) or work with it (Weiss et al., 2009).



3 Hypotheses development

Trust is defined as a psychological state in which the trustor believes in the trustee's reliability and willingly accepts vulnerability to potential risks (Mayer et al., 1995). Trust widely exists in the establishment and development of human relationships, such as intimate relationships (Rempel et al., 1985), and organizational relationships (Meng and Berger, 2019; Petrocchi et al., 2019). With the increasing integration of AI into daily life, the growing frequency of human-AI interpersonal interactions has prompted the application of trust theory to human-AI collaboration (Georganta and Ulfert, 2024; Sanders et al., 2019). Trust plays a critical role in decision-making within human-AI teams (Lemmers-Jansen et al., 2019; Tran et al., 2022; Zhang et al., 2023). As a general and principled theory of trust, Socio-Cognitive Model of Trust (SCMT, Castelfranchi and Falcone, 2010) posits that trust can only occur between cognitive agents—entities capable of forming goals and beliefs. Trust is fundamentally a mental state of a cognitive agent, reflecting a complex evaluative attitude toward another agent's ability to act in ways that align with shared objectives. In managerial decision-making, employee, as the cognitive agent, have job objectives (such as, work performance, flourish, and career success) and hold core/initial beliefs about the AI agent's competence and predictability. Trust in AI is the attitude that employee believe AI agent will help achieve his/her job objectives goals. According to the SCMT, trust as a composed and layered notion, including three compositions: Trust Attitude, Decision to Trust, and Act of trust. Trust Attitude denotes the simple evaluation of the agent before relying on it (core trust), and Decision to Trust means the decision of relying on the agent (trust “reliance”), and Act of trust refers the action of trusting (delegation). In the theory, there is a process link between these compositions of trust, that is “trust develops from dispositional one to the active one” (Castelfranchi and Falcone, 2010).

SCMT states that trust attitude is a determinant and precursor to the decision to trust, which in turn is a precondition for the decision of trust (Henrique, 2024). In our study, trust in AI represents an evaluation and disposition toward AI. In human-AI interaction, trust is the premise for humans' intention to use and accept algorithms (Sanders et al., 2017) and the basis for human-AI collaboration (Esterwood and Robert, 2021). The success of integrating AI into organizations critically depends on employees' trust in the AI agent (Müller et al., 2019). Human-AI interaction is a process in which a human employee and an AI system build a team completing complex work tasks through physical or non-physical contact (such as voice, gesture, facial expression communication, etc.) (Hentout et al., 2019). The willingness to collaborate can be treated as a communication tendency conceived as active communication involvement with another during the process of decision-making (Anderson and Martin, 1993). Thus, willingness to collaborate with AI is the tendency of people to collaborate with AI agents to complete work tasks (Cao et al., 2021; Paluch et al., 2022). Research points out that people's willingness to collaborate with AI is largely affected by individual cognition of AI technology. Specifically, perceived human-AI similarity has been shown to enhance trust in AI agents, consequently increasing users' willingness to engage in cooperative work with these system (You and Robert, 2018). Moreover, research has found that trust is a pivotal factor in the willingness to engage with AI and in the intention to continue using AI (Lv et al., 2022; Ostrom et al., 2019). Therefore, we propose hypothesis 1.

Hypothesis 1: trust has a positive effect on the willingness to collaborate with AI.

Human managers and AI agent can have different weights in managerial decision-making processes (Haesevoets et al., 2021). Thus, AI weight is the decision weight people assign to AI in human-AI joint decision-making. SCMT states that, trust is the mental counter-part of delegation and the deepest level of trust with a fully autonomous agent is the delegation (Castelfranchi and Falcone, 2010). Employee delegate some work goals in their own plan to an AI agent signifies that they trust the AI agent. Empirical studies of human-AI cooperative decision-making have allowed people to choose the desired relative weight assignment of human decision makers and AI. Employees prefer to assign 30% of the decision-making rights to the AI and retain 70% of the decision-making rights for themselves (Haesevoets et al., 2021). According to the SCMT, the Decision to Trust eventually translates into an Act of Trust. We automatically and unconsciously adjust the strength and value of the trust belief on which the decision is based in order to feel consistent and coherent (Castelfranchi and Falcone, 2010). As a result, when employees make decisions, they tend to adopt choices that increase their trust beliefs and favor their preferences. For instance, when people make online purchases, their trusting beliefs significantly enhances their (Lim et al., 2016). Trust in AI significantly increases humans' intentions to collaborate with AI agents and their usage of AI agents (Choung et al., 2023; Li et al., 2024b). Therefore, we believe that human managers who intend to work with AI agents may give AI agents more weight in decision-making to maintain consistency and coherence of trust beliefs. So we put forward hypothesis 2 and hypothesis 3:

Hypothesis 2: willingness to collaborate has a positive effect on weight of AI.

Hypothesis 3: willingness to collaborate mediates trust in AI and weight of AI.

AI free will refers to the ability of AI to determine goals, create and adjust intentions based on actual situations, and choose strategies to take action (Krausová and Hazan, 2013). Humans frequently evaluate the trustworthiness of AI agents based on their resemblance to human characteristics and AI agents exhibiting human-like traits are often perceived as more reliable (Natarajan and Gombolay, 2020). However, once human managers believe that AI agents have a high level of free will, they may feel scared, fearful, and threatened-the uncanny valley effect (Gray and Wegner, 2012). This effect describes the relationship between a character's degree of human likeness and the emotional response of the human receiver (MacDorman et al., 2009). Uncanny valley effect can cause negative emotions when interacting with AI agents and damage the adoption of AI agents (Arsenyan and Mirowska, 2021; Ciechanowski et al., 2019; Lou et al., 2023; Lu et al., 2021). The SCMT shows that risks affect employees' trust attitude and decision to trust (Castelfranchi and Falcone, 2010). Given the uncanny valley effect, AI agent's free will undermine and erode employees' positive expectations of collaborative outcomes (Araujo et al., 2020; Romeo et al., 2022). A survey experiment indicates that people would rather entrust their schedule to a person than to an AI agent (Cvetkovic et al., 2024). In human-AI jointly decision-making task, the excessive mind of AI agents will reduce employees' trust in AI and make them more cautious about the AI agent's suggestions (Romeo et al., 2022). Therefore, we believe that a high perceived degree of free will in AI can damage the positive connection between trust in AI and willingness to collaborate. We propose hypothesis 4:

Hypothesis 4: the relationship between trust and willingness to collaborate is negatively moderated by free will. When individuals perceive that the AI has lower free will, the more they trust AI, the more willing they are to collaborate with AI, thus assigning more weight to the AI.

The research model is depicted in Figure 1. The objective of Study 1 was to investi- gate the impact of trust in AI on the weight assigned to AI in human-AI cooperation, as well as the mediating role of willingness to collaborate in managerial recruitment decision-making. Study 2 explored the boundary conditions and examined the moderating effect of perceived AI's free will in performance management decision-making.


[image: Figure 1]
FIGURE 1
 The proposed research model.




4 Study 1


4.1 Method
 
4.1.1 Sample and procedure

We recruited 111 MBA students (Mage = 36.74, SD = 7.69, 76.58% females) from a business college in south China. We invited students to participate in an online recruitment decision during the break time of MBA classes. The MBA students volunteered for this study and were compensated with course credits. These participants were from different industries, mainly finance, service and manufacturing industry (43%), 56% of the participants were managers (44% were normal employee), and 70.3% of the participants have worked for more than 5 years. As for the experience with AI, 27.0% of participants had experience working with AI, and 40% were familiar or very familiar with AI. The sample of this study were well-educated and have substantial work and managerial experience, which allows them to understand experimental scenarios quickly and accurately.

Participants were presented introductory statement that described a scenario where humans and AI collaborate to jointly decide about employee recruitment. After reading this statement, participants were asked to answer two comprehension check questions about the material. Next, we measured their trust in AI and willingness to collaborate. Then, participants drag the slider bar to assign AI weight in human-AI cooperation hiring decisions. Finally, they finished measurements of control variables.

This research was approved by the Ethics Committee on Human Subjects Ethics Sub-Committee of Jinan University and complied with the Declaration of Helsinki. Prior to the survey, participants were provided with a consent form explaining the purpose and procedures of the research. Participants were assured of the confidentiality of their information, and the data were collected solely for research purposes. Once participants willingly provided their consent, the survey commenced. The number of ethical approval is 753948.




4.2 Measurements
 
4.2.1 Scenario material

At the start of this study, participants were asked to read a statement describing human-AI cooperation. It adapted by Haesevoets et al. (2021). We used a recruitment decision as an example to explain the collaborative approach to weight distribution. The specific expression is as follows:

In your role as a manager, you are mainly responsible for making recruitment decisions. With the development of AI technology, AI also has decision-making capabilities. Therefore, your company introduces AI agent as your colleague, collaborating with you to make joint decisions. AI agents are computer-generated, graphically displayed entities that represent either imaginary characters or real humans controlled by AI. Importantly, human managers and AI agent can have different weights in managerial decision-making processes, and the final decision is determined by the weighting of your and AI agent's decisions.

For example, in the decision-making process of recruiting employees, job applicants with higher interview scores are more likely to be hired. Both you and AI agent have 50% decision-making power. You give job applicant A an interview score of 80 and job applicant B an interview score of 90. AI agent gives job applicant A an interview score of 90 and job applicant B a score of 80. Finally, the interview score obtained by job applicant A is 80*50% + 90*50% = 85; the interview score obtained by job applicant B is 90*50% + 80*50% = 85.

To assess participants' comprehension of the reading material, we asked two questions after they read the material: (1) What is your role in the above situation? (Manager or Employee) (2) Who would you collaborate with in the above scenario? (AI or Human). Participants who incorrectly answered one question were excluded from the valid sample.



4.2.2 Trust in AI

We measured trust in AI using the three-item scale adapted from Gillath et al. (2021). Specific items were “How likely are you to accept decision-making advice from AI?”, “How likely are you to trust AI?”, and “How much do you feel secure to follow AI's decisions.” The scale ranged from “1 = not at all” to “6 = very”, α = 0.88.



4.2.3 Willingness to collaborate

Willingness to collaborate was measured by a three-item scale developed by Cao et al. (2021). We adapted these items to fit our research context. The specific items were as follows: (1) In the future, I plan to collaborate with AI for decision-making. (2) I will always try to collaborate with AI for decision-making in the workplace. (3) I plan to collaborate with AI frequently for decision-making. The scale ranged from “1 = strongly disagree” to “6 = Strongly agree,” α = 0.93.



4.2.4 Weight of AI

Weight of AI was measured by a slider from 0 to 100% (Haesevoets et al., 2021). Participants were asked how much decision-making weight would you expect AI to have when making management decisions about recruitment? They could answer these questions by using a slider that ranged from 0% (no weight at all) to 100% (complete weight), in small steps of 1%.



4.2.5 Control variables

As the experience with AI and knowledge about AI might vary between participants and might be associated with their trust in AI (Gillath et al., 2021), we measured participants' previous experience and familiarity with AI. Experience with AI was measured by asking if they have experience collaborating with AI. Familiarity with AI was measured with one item “How familiar are you with AI?” using a 5-point Likert-type scale (1 = extremely unfamiliar, 6 = extremely familiar). Besides, we controlled demographic variables including gender, age, work position, and years of working.




4.3 Results

Descriptive statistics and correlations among all variables are presented in Table 1. Average Variance Extracted (AVE) >0.5 and the square root of AVE greater than the correlation between two constructs which presented good convergent validity and discriminant validity (Fornell and Larcker, 1981). Descriptive statistical analysis showed that gender, age and working years had no correlation with trust in AI, willingness to collaborate with AI and weight of AI. Position was negatively correlated with the willingness to collaborate with AI and weight of AI Familiarity with AI was positively correlated with trust in AI, willingness to collaborate with AI and weight of AI. Experience with AI was negatively correlated with trust in AI and willingness to collaborate with AI. Furthermore, trust in AI was significantly correlated with the willingness to collaborate with AI (r = 0.68, p < 0.01) and weight of AI (r = 0.55, p < 0.01), and the willingness to collaborate with AI was significantly positively correlated with the weight of AI (r = 0.58, p < 0.01), thus providing preliminary support for Hypothesis 1, Hypothesis 2, and Hypothesis 3.


TABLE 1 Descriptive statistics, discriminant validity, and correlations in Study 1.

[image: Table 1]

To test our Hypothesis, we used Mplus7.0 to conduct structural equation modeling (Byrne, 2013). The full model has a good fit (χ2/df = 1.75, CFI = 0.94, TLI = 0.92, RMSEA = 0.08.). Results (see Figure 2) showed that trust in AI positively influenced the weight of AI [β = 0.35, p < 0.05; 95% CIs (1.85, 14.95)], trust in AI positively influenced willingness to collaborate [β = 0.61, p < 0.01; 95% CIs (0.48, 0.92)], and willingness to collaborate positively influenced weight of AI [β = 0.35, p < 0.05; 95% CIs (0.69, 13.40)]. The indirect effect of trust in AI on weight of AI was 0.21 [95% CIs (0.03, 0.40)]. So, Hypothesis 1, Hypothesis 2, and Hypothesis 3 were supported.


[image: Figure 2]
FIGURE 2
 Structure model with standardized regression coefficients and residual variances. *p < 0.05; **p < 0.01.





5 Study 2


5.1 Method
 
5.1.1 Sample and procedure

The participants in this study were recruited from MBA classes in a business college of south China. The MBA students volunteered for this study and were compensated with course credits. We obtained 210 valid questionnaires in Study 2. There were 112 males and 98 females, with an average age of 30.6 years (SD ± 6.427). These participants are managers from different industries, such as finance, service industry and manufacturing industry (45%), 60.5% of the participants were managers (39.5% were normal employee), and 60.5% of participants had worked for more than 5 years. As for the experience with AI, 39.0% of participants in our study had experience working with AI, and 53.3% were familiar or very familiar with AI.

Participants were presented with an introductory statement that described a scenario where humans and AI collaborate to evaluate employee' performance. After reading this statement, participants were asked to answer two comprehension check questions about the material. Next, we measured their trust in AI and willingness to collaborate. Then, participants drag the slider to assign AI weight in human-AI cooperation hiring decisions and fill out the free will scale. Finally, they finished measurements of control variables.




5.2 Measurements
 
5.2.1 Scenario material

At the start of this study, participants were asked to read a statement describing human-AI cooperation. It revised from Haesevoets et al. (2021). We used a performance decision as an example to explain the collaborative approach to weight distribution. The specific expression is as follows:

In your role as a manager, you are mainly responsible for making decisions about employee' compensation and performance evaluation. With the development of AI technology, AI also has decision-making capabilities. Therefore, your company introduces AI agent as your colleague, collaborating with you to make joint decisions. AI agents are computer-generated, graphically displayed entities that represent either imaginary characters or real humans controlled by AI. Importantly, human managers and AI agent can have different weights in managerial decision-making processes, and the final decision is determined by the weighting of your and AI agent's decisions.

For example, in the decision-making process of performance evaluation, employees with higher performance scores are more likely to receive higher compensation. Both you and AI agent have 50% decision-making power. You give Employee A a performance score of 80 and Employee B a performance score of 90. AI agent gives employee A a performance score of 90 and employee B a performance score of 80. Finally, the performance score obtained by employee A is 80* 50% + 90*50% = 85; the performance score obtained by employee B is 90*50% + 80*50% = 85.

To assess participants' comprehension of the reading material, we asked two questions after they had read the material: (1) What is your role in the above situation? (Manager or Employee) (2) Who would you collaborate with in the above scenario? (AI or Human). Participants who incorrectly answered one question were excluded from the valid sample.



5.2.2 Trust in AI and Willingness to collaborate

The measurement of Trust in AI and Willingness to collaborate were the same as study 1. The α of Trust in AI was 0.90 and α of Willingness to collaborate was 0.91 in this study.



5.2.3 Weight of AI

Similar to Study 1, the weight of AI was measured by a slider. Participants were asked how much decision-making weight would you expect AI to have when making management decisions about performance? They could answer these questions by using a slider that ranged from 0% (no weight at all) to 100% (complete weight), in small steps of 1%.



5.2.4 Free will

Free will was measured by a five-item scale developed by Nadelhoffer et al. (2014). The specific items were as follows: (1) AI has the ability to make decisions. (2) AI has free will. (3) How AI decisions unfold is entirely up to them. (4) AI could eventually take full control of their decisions and actions. (5) Even if the AI's choices are completely limited by the external environment, they have free will. The scale ranged from “1 = strongly disagree” to “6 = Strongly agree”, α = 0.88.



5.2.5 Control variables

Same as study 1. Participants' experience and familiarity with AI, gender, age, work position, and years of working were controlled in Study 2.




5.3 Results

Descriptive statistics, correlations among all variables, and the square root of AVE are reported in Table 2. It shows that variables have good discriminant validity and convergent validity. Besides, the descriptive statistical analysis showed partial similar results in Study 1. Age and working years had no significant effect on trust in AI, willingness to collaborate with AI, weight of AI and AI free will. Familiarity with AI was positively correlated with trust in AI, willingness to collaborate with AI, weight of AI. However, gender was positively correlated with trust in AI and negatively correlated with willingness to collaborate with AI. Position was negatively correlated with trust in AI weight of AI and AI free will. Experience with AI was negatively correlated with trust in AI, willingness to collaborate with AI, weight of AI and AI free will. Most importantly, trust in AI was significantly correlated with the willingness to collaborate with AI (r = 0.69, p < 0.01) and weight of AI (r = 0.56, p < 0.01), and the willingness to collaborate with AI was significantly positively correlated with the weight of AI (r = 0.55, p < 0.01), thus providing preliminary support for Hypothesis 1, Hypothesis 2, and Hypothesis 3.


TABLE 2 Descriptive statistics, discriminant validity, and correlations in Study 2.
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We used the PROCESS (model 7) to test our Hypotheses (Hayes, 2017). The procedure used 5,000 bootstrap samples, and the results were interpreted based on the 95% Confidence Interval (CI). The direct, indirect, and moderating effects are presented in Table 3. Results showed that trust in AI promoted the weight of AI [95% CIs (4.06, 11.39)] and the willingness to collaborate mediated the relationship between trust in AI and weight of AI [95% CIs (1.30, 5.49), 95% CIs (1.85, 7.74)]. Hypothesis 1, Hypothesis 2, and Hypothesis 3 were supported in the context of performance management as well.


TABLE 3 Direct and conditional indirect effects and moderated mediation.
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Furthermore, Hypothesis 4 proposes that free will plays a moderating role in the relationship between trust in AI and willingness to collaborate. The moderated mediation was significant [moderated mediation index = −0.67, 95% CIs (−1.40, −0.24)]. Figure 3 showed that trust in AI was more significantly and positively associated with willingness to collaborate when free will was low rather than high. Thus, Hypothesis 4 was supported.


[image: Figure 3]
FIGURE 3
 Interactive effect of trust in AI and free will on Willingness to collaborate.





6 Discussion

Through two studies of human-AI interaction in managerial decision-making, we found that trust in AI increased the weight people assign to AI in human-AI cooperation, and willingness to collaborate with AI played a mediating role. We revealed the development process of trust in AI in human-AI interaction according to the SCMT based on the background of human-AI interaction (Li et al., 2024a), proposing a new approach to enhance human-AI cooperation.

We further identified the boundary conditions for the influence of trust in AI on weight of AI. Specifically, perception of AI's free will moderated the association between trust in AI and willingness to collaborate with AI, and the indirect influence of trust in AI on the weight of AI (via willingness to collaborate) was weaker when free will was high rather than low. This result may stem from the Uncanny Valley effect, which poses a potential threat to human uniqueness. Prior research has demonstrated that the physical resemblance between humans and machines, coupled with the perception of machines as capable of performing advanced cognitive tasks, has elicited concerns about threats to human uniqueness (Ferrari et al., 2016). High free will AI agents, perceived as a tangible threat to human jobs, safety, resources, and identity, significantly impact the intended use of AI agents (Yogeeswaran et al., 2016).


6.1 Theoretical and practical implications

Our first contribution lies in linking employees' trust in AI to the aggregated AI weight relationship according to the SCMT. Researchers proposed different ways to assign AI weight in decision-making (Haesevoets et al., 2021, 2024; Shrestha et al., 2019), while we revealed the internal mechanism that affects AI weight from the perspective of cognitive development of trust in AI. When the AI agent works as a member of the decision-making team, human-AI interaction follows similar norms to interpersonal interaction (Georganta and Ulfert, 2024; Sanders et al., 2019). In addition, we found that the crucial role of willingness to collaborate with AI plays in the development of AI. Trust in AI affects how much weight people assign to AI in decision-making by increasing their willingness to collaborate with it. Employee believes in AI agent and is willing to be vulnerable to risk by allocating decisional weight to AI agents. We expand the application of SCMT in the field of human-AI managerial cooperation. Moreover, beyond the employee's adoption of AI agent and it's recommendations (Chua et al., 2023; Frank et al., 2023; Xu et al., 2024), we quantifiably measure decisional weight employee allocate to AI agent, which contributes to the understanding of human-AI team dynamics.

Second, this study incorporates uncanny valley effect of AI into the Socio-Cognitive Model of Trust through the boundary effect of perceived AI's free will. Perceived of high AI's free will increases people's perception of risks (Romeo et al., 2022; Złotowski et al., 2017) which threatened employees' trust attitude and decision to trust (Castelfranchi and Falcone, 2010) in the perspective of SCMT. Our research found that perceived high AI's free will weakened the impact of trust in AI on the willingness to collaborate. Existing research has not reached a consistent conclusion on whether AI has free will (Farnsworth, 2017; Manzotti, 2011; Romportl et al., 2013). The one really matters human-AI interaction is the sense/perception of AI free will, autonomy and agency (Hu et al., 2021; Sanchis, 2018; Wang and Qiu, 2024). When people perceive that AI can choose actions by itself and has free will, they will have a feeling of being threatened, such as realistic threat, identity threat and job insecurity (He et al., 2023; Złotowski et al., 2017), causing negative attitude toward AI. Our research is a preliminary exploration of the impact of AI free will on human-AI collaboration in human resource management, depicting the uncanny valley effect in human-AI team working.

Third, our findings could significantly enhance our understanding of how trust develops in human-AI interactions, thereby promoting better collaboration between humans and AI in organizational management. Human-AI interaction experiences will not only enhance the competence of making managerial decisions but will also shape the job design and crafting in workplace (He et al., 2023; Tursunbayeva and Renkema, 2023). This research explores new possibilities for human-AI cooperation by weight distribution. At the same time, organizations also need to continuously explore appropriate decision-making weight frameworks in order to adapt to changes in external circumstances.

These results have several practical implications for managers and organizations. First, our study highlights the powerful influence of trust in AI inhuman-AI interactions. To enhance the effectiveness of trust in AI organizations need to take steps to increase employee trust in AI. Before AI is brought into the organization, managers can assess pre-entry knowledge that employees have of AI systems and creating a formal AI onboarding plan (Bauer, 2010). During human-AI interaction, managers can aid in employee comprehension and actions in using AI, such as clarifying roles, determining task mastery, figuring out social interactions (Bauer et al., 2007), and improve the skills and knowledge of employee (Rodgers et al., 2023). In reality, the design of explainable AI (XAI) greatly affects people's trust in AI (Janssen et al., 2020). Therefore, it is necessary to improve the tangibility, immediacy, and transparency of AI to improve the interpretability of AI (Glikson and Woolley, 2020). For instance, when AI video interviews are adopted in job interviews, the tangibility, immediacy, and transparency of AI agents will significantly enhance job seekers' cognitive and affective trust in AI, thereby influencing their final recruitment intentions (Suen and Hung, 2023).

Second, in the era of Industry 5.0, people pay more attention to human-centered technologies in industrial practice and emphasize human-AI collaboration (Tanjung et al., 2025). From the perspective of human-AI trust, the research findings offer valuable insights into enhancing human-AI collaboration in organizational decision-making processes. By introducing a weight-distribution mechanism, it challenges traditional human-AI decision-making paradigms and innovates the collaborative decision-making framework. This approach not only reinforces the human-centered development philosophy but also elevates the quality of human-AI cooperation in future organizational management.

Third, since the advent of artificial intelligence, the rationale behind AI development and deployment has attracted significant attention from scholars, policymakers, and practitioners. This multidisciplinary discourse has yielded numerous constructive proposals addressing the ethical challenges inherent in AI system (Jobin et al., 2019; Floridi and Cowls, 2021). When AI possesses a higher degree of free will, it raises greater ethical concerns among stakeholders. Our finding provides insights for taking steps to reduce the side effect of AI free will on management decisions. On the one hand, governments can impose ethical policies and legal constraints on the design and use of AI (Astobiza et al., 2021; Trotta et al., 2023). On the other hand, companies ought to develop AI usage policies in compliance with existing legislation to standardize and supervise employee interactions with AI systems.



6.2 Limitations and future research directions

Our study has several limitations. We conduct scenario-based experiments (recruitment and performance evaluation managerial decision-making scenarios) to test our hypotheses. It would be worthwhile to extend this work to other decision- making tasks of human resource management, such as salary management and personnel promotion (Mehrabad and Brojeny, 2007). Although experimental scenarios were provided to simulate reality, there is still a bias between the experimental scenario and the actual working situation, which may limit the external validity of the results (Podsakoff and Podsakoff, 2019).

Another possible methodological limitation of our work is that the robustness of the scale we use needs to be improved. On the measurement of AI weights, we use a single item—a slider that ranges from 0% (no weights at all) to 100% (full weights) to measure the weight distribution between employees and AI agents. This measurement method may have the problem of measurement error and low reliability. When it comes to measuring AI trust, the scale of trust in AI we used is limited to three items, which may not fully capture the complexity of trust formation in human-AI collaboration. Therefore, we encourage future studies to use a multi-item scale to reduce measurement bias and to use a longer and validated trust scale. The scales currently used to measure AI free will may not fully capture the nuances of individual perception. Future research could focus on developing more comprehensive scales to better assess the complexity of this construct.

Second, our results are based on a convenience sample which weakens the external validity. The selection of MBA students for the survey is primarily attributed to their possession of relevant management experience and their utilization of AI in making certain management decisions within their daily work. While this sampling approach possesses a degree of rationality, it overlooks external validity, which could potentially influence the experimental outcomes. The filtering mechanism inherent in MBA programs tends to result in homogeneity in the educational and professional backgrounds of the sampled participants, which may hinder the detection of cross-industry and cross-cultural variations in the experimental results. In addition, taking into account the indirect effect of experience on the job allocation (Gillath et al., 2021), future research should replicate and extend these results with professionals with extensive experience in human-AI managerial decision-making.

Third, our research only explores trust as a crucial factor affecting the weight of AI. Naturally, trust is not the sole influence on the significance of AI, and forthcoming research can analyze other contributing factors. From the individual level, people's cognitive level, knowledge, self-efficacy and personal experience, personality type may affect the weight of AI. From the perspective of AI, its transparency, interpretability, reliability, and positioning affect the weight of AI (Glikson and Woolley, 2020; Han et al., 2023; Kong et al., 2024). We suggest that future research could broaden our understanding by investigating the relationship between these factors and weight of AI.

Finally, our research found the linear boundary effect of perceived free will of AI in decision-making through cross-sectional studies. Although studies have shown that people feel anxious and uneasy when faced with AI having a will and a mind (Gray and Wegner, 2012; Shank et al., 2019), other studies have shown that it can also increase individual closeness to AI and willingness to adopt AI recommendations (Chen et al., 2023; Lee et al., 2020). Considering the inverted U-shaped effect of the uncanny valley, it remains to explore whether this negative moderating effect of AI free will in human-AI interaction will change as people become more familiar with AI (MacDorman et al., 2009). We encourage future research to explore the non-linear or dynamic impact of free will on AI cooperation after deep integration of humans and AI through longitudinal designs. Furthermore, the potential power of AI free will in other human-AI interactions is worth investigating, such as human-AI co-creation and co-learning (Swan et al., 2023).




7 Conclusion

The emergence of artificial intelligence (AI) has revolutionized workplace dynamics, igniting a fervent discourse on the interaction between humans and AI. Our research investigated managerial decision-making weights that human employee delegate to AI agent. Serial empirical results revealed that trust in AI agent constitutes the foundational element of human-AI collaboration, wherein the willingness to collaborate with AI agent emerges as a pivotal factor. Furthermore, when employee consider AI agent has high capacity for free will, it undermined the role of trust in human-AI cooperation. We advance the understanding of the function trust in human-AI interaction and offer managerial and practical implications for human-AI team dynamics in organizational management. Collaboration highly depends on collaborators' trust and willingness to collaborate.
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