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ABSTRACT
[bookmark: _heading=h.vc7sekxr9hf8]The utilization of algorithms for automating managerial tasks, known as algorithmic management (AM), has recently increased due to advancements in data analytics tools. Nevertheless, there is a scarcity of empirical evidence regarding their diverse impacts and the factors moderating these effects. In our study utilizing European Company Survey 2019 data, we explored the association between AM adoption and organizational outcomes: workplace well-being and organizational performance. Additionally, we investigated the moderating effect of employee participation. We found that after accounting for factors such as organization size, sector, age, and country, organizations employing AM had higher performance levels but lower levels of workplace well-being. Moreover, when employee participation was high, the adverse impact of AM on workplace well-being was significantly lower. These findings underscore the importance of employee participation as a crucial mechanism for optimizing the advantages of AM within organizations.
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INTRODUCTION
Advancements in data analytics tools have recently spurred the adoption of algorithmic management (AM) within organizational settings. AM is defined as "a system of control where self-learning algorithms are given the responsibility for making and executing decisions affecting labor, thereby limiting human involvement and oversight of the labor process" (Duggan et al., 2020, p.6). Algorithms are utilized to automate various managerial tasks such as monitoring, goal setting, scheduling, performance evaluation, and compensation (Parent-Rocheleau et al., 2023). The algorithms utilize extensive data concerning staff, work procedures, transactions, and communication between individuals and organizations. This is often referred to using various terms such as people analytics, algorithmic HRM, and algorithmic management, among others (Tursunbayeva et al., 2021). These methods are broadening their scope beyond conventional human resource metrics to encompass new indicators, such as tracking employees' private emails, social media engagement, and interactions with digital devices and applications.
AM promises to enhance the efficiency and effectiveness of work processes (Jarrahi et al., 2023). While digital labor platforms like Uber and Airbnb have been at the forefront of AM implementation, their adoption has extended to diverse organizational contexts (Baiocco et al., 2022). AM systems vary in autonomy, ranging from highly autonomous systems, which are rare due to technical challenges, inefficiencies, or legal constraints, such as GDPR, to systems that merely offer insights and support to managers in decision-making related to employee management (Wood, 2021). AM systems also vary in their level of invasiveness. As an extreme example, a data-rich picture of interaction patterns among the employees could come from wearing infrared sensors to record daily face-to-face interactions, microphones to capture the talking, accelerometers to record movement and posture, and GPS to collect spatial location data (Bernstein & Turban, 2018). The non-work-related data such as employee heart rate, body temperature, time in the bathroom, and daily walking or running steps, along with work-related data such as website visits, speed while driving company-owned vehicles, downloads, and email content, can be collected and analyzed with near to no cost thanks to developments in the Internet of things technologies (Kaupins & Coco, 2017).
Prior research has highlighted concerns regarding the potential adverse effects of AM on employees and workplace well-being (Kinowska & Sienkiewicz, 2023; Meijerink et al., 2021), specifically about algorithmic bias (Kordzadeh & Ghasemaghaei, 2022) and lack of transparency (Bujold et al., 2022), both of which can negatively impact employees. For instance, a study examining a model for predicting employees' accuracy based on nonverbal cues (e.g., facial expressions, eye gaze, upper body posture) revealed that individuals with darker skin tones were 50% more likely to be incorrectly classified as delivering unacceptable work, raising concerns about potential financial discrimination if such a model were utilized for compensation decisions (Toyoda et al., 2021). Another study found that employees generally hold a negative attitude toward AM due to its lack of transparency, which hinders their understanding of its implications (Bujold et al., 2022). 
Algorithmic bias and opacity exacerbate power imbalances between employees and employers (Barati & Ansari, 2022), leading to feelings of unfairness and diminished job satisfaction (Griesbach et al., 2019). Furthermore, AM fosters a pervasive and continuous monitoring environment, which can diminish employees' autonomy (Toyoda et al., 2020) and potentially reduce their engagement with work (Bucher et al., 2019). Employees with perceptions of low organizational justice may view algorithmic management as a form of exploitation limiting their agency, consequently leading to negative feelings that may affect their work behavior (Thiel et al., 2023). Overall, by making opaque and perceived discriminatory decisions while diminishing workers' autonomy and power, AM may contribute to lower workplace well-being, characterized by employees' lack of happiness, motivation, or commitment to their organizational roles (Johnson et al., 2018)
 Despite the concerns raised, recent reviews indicate that the management literature primarily perceives AM adoption as yielding positive objective outcomes (Basu et al., 2023). AM has the potential to enhance efficiency and effectiveness by streamlining costly tasks and facilitating evidence-based decision-making (Jarrahi et al., 2023), thereby enhancing overall organizational performance. By automating routine tasks, optimizing decision-making processes, and eliminating redundant work, AM enables employees to concentrate on meaningful tasks where they can leverage their skills to achieve the greatest impact (Schildt, 2017). Additionally, algorithms can automate labor-intensive human resource functions such as resume screening and identifying training needs (Cheng & Hackett, 2021). However, the evidence supporting these outcomes remains inconclusive (Backhaus, 2019; Basu et al., 2023).
Previous studies suggest that employee participation in decision-making can serve as a moderating factor for mitigating the negative impacts of AM and other forms of digitalization. Research indicates a positive correlation between employee participation and adopting digital technologies within organizations, such as robots, data analytics, and customized software (Vereycken et al., 2021). Additionally, the employee-manager relationship has been found to moderate the adverse effects of digitalization, including the depersonalization of workplaces and the desensitization of the social organizational climate (Palumbo, 2022). Moreover, previous research on AM has proposed a moderating role for employee participation. Giving employees a voice or control over algorithmic systems could potentially enhance or maintain their autonomy, a crucial resource that aids employees in achieving their goals and managing their job demands (Parent-Rocheleau & Parker, 2022). A participatory approach to determining which job aspects could be subject to digital monitoring has been shown to improve the working climate, enhance employee job satisfaction, and boost motivation (Backhaus, 2019).
 Our study addresses recent calls from various researchers (Cameron et al., 2023; Meijerink & Bondarouk, 2023; Parent-Rocheleau & Parker, 2022; Prikshat et al., 2023) to comprehensively examine AM's positive and negative outcomes and to explore its implications in workplaces beyond digital platform work. Previous research on AM has predominantly focused on its negative impacts within the context of digital platform work and the gig economy (e.g., Uber, Airbnb, Upwork). The extant empirical research on new digital technologies of work and employment has also disproportionately focused on platform work, risking an overgeneralization of the findings (Joyce et al., 2023). The gig economy and platform work business models primarily rely on algorithmic governance for their core activities, distinguishing them from conventional workplaces where AM is adopted to support and enhance existing legacy governance systems (Kellogg et al., 2020). Additionally, much of the existing literature has been conceptual and review-based, underscoring the need for more empirical research (Basu et al., 2023). In our study, we also investigate the moderating effect of employee participation on the relationship between AM and organizational performance and workplace well-being. Our findings illuminate the role of employee participation in decision-making in maximizing the benefits and minimizing the risks associated with AM in organizations. 

THEORETICAL BACKGROUND
We integrate various theoretical perspectives, including labor process theory, change management models, and employee-driven digital innovation and co-design. Consistent with previous research (Gandini, 2019; Kellogg et al., 2020), we conceptualize AM through the lens of labor process theory, viewing it as a mechanism for controlling and limiting worker autonomy to maximize labor value, which can lead to negative psychological outcomes for workers (Gandini, 2019). Additionally, we examine AM within the digitalization context, drawing insights from change management models and literature on employee-driven digital innovation and co-design to understand the role of employee participation in navigating the disruptions caused by AM adoption. 
The critical discourse on AM has primarily focused on concerns about its potential to augment employer control over employees, consequently diminishing employee autonomy (Duggan et al., 2020; Kellogg et al., 2020; Meijerink & Bondarouk, 2023; Parent-Rocheleau & Parker, 2022). Autonomy, defined as the perception of freely choosing to engage in an activity for intrinsic reasons, is essential for employee well-being (Deci & Ryan, 2000). Unlike previous technologies, algorithms utilize extensive monitoring and opaque calculations, providing instantaneous feedback to guide employee decision-making in the organization's interest (Kellogg et al., 2020). While this can enhance efficiency and effectiveness, thereby improving organizational performance and economic value (Cheng & Hackett, 2021; Jarrahi et al., 2023; Schildt, 2017), it also amplifies employer control, leading to experiences of privacy violation, discrimination, job insecurity, frustration, and stress among employees (Kellogg et al., 2020). 
Employers are interested in monitoring and managing their employees through algorithms for different reasons, such as ensuring the workplace's occupational safety, protecting the organization’s assets and property, measuring and evaluating employee attendance and performance, enforcing work policies, and enforcing compliance with regulations. For example, employers may use GPS-enabled wearable safety badges to detect, warn, and discourage employees when they get close to hazardous areas (Ravid et al., 2020). Discouraging employees from non-work-related activities at work is another reason. Specifically, personal use of technology at work is prevalent and more challenging to deter because it does not require the employees to be physically absent from their desks or computers, and it is more convenient and less visible to others (Jiang et al., 2023). Furthermore, improved productivity has been one of the primary justifications for adopting AM (Marler & Boudreau, 2017; Pierce et al., 2015). Technology-based employee monitoring systems could reduce employee misconduct (i.e., theft) and increase employee productivity (Pierce et al., 2015). 
[bookmark: _ogzoocmnasbr]Extensive monitoring reduces employee autonomy to control the pace of work, scheduling, work methods, and decision-making (Mazmanian et al., 2013). Monitored employees have expressed a sense of losing control over their work (Applin & Fischer, 2013). This feeling is intimately related to the loss of privacy, where a significant dimension of information privacy invasion is defined as the loss of control over personal information (Smith et al., 2011). Employees also raised concerns that excessive monitoring is coercive and choice-limiting (Thiel et al., 2023). One implication of these feelings is argued to be the replacement of responsibility for moral control from employees to the controlling system (Thiel et al., 2023).  Furthermore, a lower level of information privacy was negatively related to psychological empowerment and, consequently, to discretionary behaviors on the job, including creative performance and organizational citizenship behavior (Alder, 2001). Based on this literature, we propose our first two hypotheses:
H1. AM adoption is negatively associated with workplace well-being.
H2. AM adoption is positively associated with organizational performance.
We perceive AM as a manifestation of the ongoing digitalization of organizations, which involves the transformation of analog data into digital language to enhance business relationships and create societal value (Reis et al., 2020). As digitalization continues to advance and computer usage becomes increasingly prevalent, employees generate vast amounts of data such as time spent at the office, the number of emails sent, the number of code lines, and the usage of specific applications, and output data, such as the number of tasks completed, the number of contracts ensured, and how many times a product is sold (Ball, 2021; Stanton, 2000). This data is viewed as a valuable source of information and insight into work processes, employee behavior, and social interactions within organizations (Aaltonen & Stelmaszak, 2023; Belanger & Crossler, 2019; Pentland et al., 2021). It can then be fed to algorithms to automate or support employee-related decision-making (Kellogg et al., 2020). 
Like other forms of digitalization, AM has altered organizational tasks, processes, and required skills and resources, requiring a strategic approach to manage these changes. In this regard, we draw from change management models to identify actionable modifiers to the impact of AM on organizations. Change management models emphasize the importance of employee involvement and engagement in facilitating transformative changes and mitigating resistance (Errida & Lotfi, 2021; Rosenbaum et al., 2018). For instance, the change tracking model underscores employee involvement and accountability as critical factors for successful change implementation (Parry et al., 2014), while the best practice model for change management advocates for the full engagement of those affected by change (Clarke & Garside, 1997). Moreover, literature on employee-driven digital innovation and co-design highlights the valuable contributions of frontline employees in the digitalization process. These employees, despite lacking innovation-specific roles, possess valuable insights into customer needs, organizational dynamics, and product/service details, making their participation essential for successful digital initiatives (Opland et al., 2022). 
The change management model toward digitalization suggests that horizontal integration, achieved through employee and stakeholder involvement, fosters a shared sense of urgency and support for digitalization efforts (Fichter, 2019). This is also verified by empirical evidence that demonstrates employee participation in digitalization initiatives promotes the development and implementation of innovative digital solutions (Bäckström & Lindberg, 2019; Zejnilovic et al., 2012). Furthermore, in the context of algorithmic decision-making, involving relevant stakeholders in co-designing algorithms was shown to ensure the responsibility and accountability of these models (Dekker et al., 2022). Drawing from these models, we propose our third and fourth hypotheses, focusing on the moderating effect of employee participation in the relationship between Am and organizational outcomes:
H3. Employee participation in decision-making moderates the relationship between AM and workplace well-being.
H4. Employee participation in decision-making moderates the relationship between AM and organizational performance.

METHODS
Data source
Our data source was the European Company Survey (ECS) 2019, a questionnaire-based representative sample survey of businesses with at least ten employees in 28 countries, including the European Union (EU) Member States and the UK. Questionnaires were filled in by human resource managers (N= 21869) and, when possible, with employee representatives (N= 3073). We used the data gathered from human resource managers that had a larger sample size. 
Measures
We used the available questions of the ECS 2019 to construct measures that capture our concepts of interest. Dependent variables were two composite measures: 1) workplace well-being, constructed from four items, including the relationship between managers and employees, absenteeism, employee motivation, and employee retainment, and 2) organizational performance, constructed from four items, including profitability, profit expectations, product volume change, and employee number change. A list of the survey questions corresponding to the included items is available in Appendix Table 1. Both dependent variables were at the organizational level. For example, the employee motivation question asked, ‘Overall, how motivated do you think employees in this establishment are?’ We constructed these measures based on the approach detailed in one of the ECS accompanying reports (Eurofound and Cedefop, 2020). First, we rescaled all included variables to a range between 0 and 1; then, we took a mean across the variables and, at the end, transformed it into z-scores by subtracting the EU27 mean and dividing it by the EU27 standard deviation. 
In contrast to the dependent variables, there was no published guidance on constructing the primary independent variable. Therefore, we started with a qualitative definition of AM based on the non-robotic aspect of AI use in the context of employee management, defined by (Basu et al., 2023) as consisting of machine learning, algorithms, and big data analytics, all of which require data input. This measure was constructed from three items: 1) whether the organization used data analytics to monitor employee performance, 2) whether the organization used data analytics to monitor and improve work processes, and 3) the percentage of employees whose pace of work was determined by machines or computers. To construct the AM measure, we added the first two items together and then multiplied it by the third item. With this construct, we identified three types of organizations in our sample. The first group included the organizations that did not use machines or computers to determine the pace of work for any employees, which were considered not using AM. The second group included organizations that used machines to determine the pace of work for at least some employees but did not use data analytics for either employee monitoring or work processes, which were again considered as not using AM because their use of machines for the pace of work determination would not have any data inputs. The third group included the organizations that used machines to determine the pace of work for at least some employees and used data analytics for either employee monitoring or improving work processes, which were considered using AM. 
To construct the moderator variable, we used questions that captured employee participation in areas relevant to our measure of AM: monitoring and determining the pace of work. We constructed the employee participation from two items: how much employees directly influence management decisions about 1) the organization and the efficiency of work processes and 2) working time arrangements. The survey had three other questions about employees’ influence on managerial decision-making, which covered dismissal, payments, and training. These were not chosen because they were unrelated to our AM measure that focused on monitoring and pace of work determination. 
Following prior research in similar contexts (Curzi & Ferrarini, 2023; Yang et al., 2022), the control variables included the organization’s size, organization’s age, sector of economic activity, and country of operation. Organization size was a categorical variable with three levels: small (10-49 employees), medium (50-249), and large organizations (250+).  Sectors refer to the main economic activity of the companies based on the European statistical classification of economic activities (NACE Rev. 2). Organizations’ age was classified into four categories: 10 years or less, 11 to 20 years, 21 to 30 years, and more than 30 years. Finally, the country of operation included the 27 EU countries and the UK.
Construct validity
To test the validity of our measure of AM, we performed a correlation analysis between our measure and some relevant variables that are expected to be positively related to AM, including the use of computers, robots, and specialized software in the surveyed organizations. AM was partially and positively correlated to all of these variables, indicating the relatedness of the constructs while being distinct. Furthermore, we ran a factor analysis to estimate factor loadings of the survey items on the constructed measures (AM, well-being, performance, and employee participation). The factor analysis results are included in Appendix Table 1.
Statistical models
To test our hypotheses, we built two regression models with AM, employee participation, and their interaction terms as main explanatory variables and workplace well-being and organizational performance as dependent variables. All models were adjusted for organizations’ size, sector, age, and country of operation, and survey weights were used to account for complex sampling design and non-response bias. We used R software for all our data analyses. 
Sensitivity analysis
To test the robustness of our model, we built a continuous measure of AM that spread from 0 to 1, where 0 indicates the total absence of AM, and 1 indicates the highest score among the surveyed organizations (AM is used for 100% of employees). We also checked the robustness of the model against additional control variables such as the organization type (subsidiary site, headquarters, and single-establishment company) and whether the organization had a change of ownership in the three years preceding the survey.  

RESULTS 
Descriptive statistics
Table 1 shows the characteristics of the organizations in our sample, comparing the groups with and without AM. Overall, 7,399 out of the 21,198 surveyed organizations (34.9%) had some form of AM in their organizations. The sample was balanced regarding organization age, with 14% of the organizations being less than ten years old, 24% being 11 to 20 years old, 26% being 21 to 30, and 36% being above 30 years old. Most of the surveyed organizations (63%) had between 10 and 49 employees, while 28% had between 50 and 249 employees, and only 9% had more than 250 employees. The age distribution was similar across the organizations with AM compared to those without. However, the size distribution differed, with medium and large organizations being more likely to have AM than small organizations. 
More than half of the organizations were from three sectors: manufacturing (25%), wholesale and retail (20%), and construction (10%). The distribution of organizations with and without AM was similar in most sectors, except manufacturing and construction. Manufacturing organizations were more represented in the organizations with AM (37%) than organizations without AM (18%). On the other hand, Construction organizations were more represented in organizations without AM (13%) than organizations with AM (6%). There was also a variance in the percentage of organizations that have adopted AM within the sectors. As expected, manufacturing had the highest adoption, followed by the information and communication, financial, and insurance sectors, while the real estate and construction sectors had the lowest adoption rate. 
The primary variables were in a z-score format, which could only be used for comparison and not as absolute measures. The mean z-score of workplace well-being was lower than the overall mean in organizations with AM and higher than the overall mean in organizations without AM. The opposite was true for employee participation and organizational performance. Regarding workplace well-being, information and communication, financial and insurance, professional, scientific, and technical were ranked the highest, while manufacturing, water and waste management, and transportation and storage had the lowest levels of well-being. 
Figure 1 illustrates the percentage of firms adopting AM, as well as the average standardized measure of employee participation, organizational performance, and organizational well-being across economic sectors. The three sectors with the highest percentage of firms with AM were manufacturing, information and communication, and finance and insurance. These three sectors got very different employee participation, performance, and well-being scores, which probably reflect their different working conditions and structures. For example, employee participation and well-being were both high in the information and communication sector and low in the manufacturing sector. On the other hand, the three sectors with the lowest AM adoption were arts, entertainment and recreation, real estate, and construction. Similarly, these sectors had varying levels of performance, well-being, and participation. 
We also found a significant variation in the key variables among the countries in the dataset, as depicted in Figure 2. Regarding the rate of AM adoption, Croatia and Greece ranked the highest, with 29 and 27 percent, respectively. Luxembourg and Germany ranked the lowest adoption with 7 and 9 percent, respectively, while the United Kingdom was in the middle with 16 percent. The average workplace well-being was highest in Denmark and Sweden and lowest in Germany and Luxembourg. The organizational performance score also varied, with Malta and Portugal at the top and France and Slovakia at the bottom. Denmark was significantly higher than other countries in terms of employee participation, while Latvia and Netherlands scored the lowest.
Regression results  
Table 2 shows the regression results for the association between AM and the two outcome variables: workplace well-being and organizational performance. There was a statistically significant negative relationship between AM and workplace well-being (Estimate=-0.16, CI= -0.24 – -0.07), which confirms Hypothesis 1. The results also indicate a statistically significant relationship between AM and organizational performance (Estimate=0.08, CI= 0.01 – 0.15), which confirms Hypothesis 2. This means that controlling for the organization’s sector, size, age, and country of operation, organizations with AM received a 0.16 lower score for workplace well-being and a 0.08 higher score for organizational performance than those without AM. 
The regression results also indicated a statistically significant interaction effect of employee participation on the relationship between AM and workplace well-being (Estimate=0.05, CI= 0.01– 0.09), which confirms Hypothesis 3. This means that the negative association between AM and workplace well-being was reduced by 0.05 for companies where employees were involved in decision-making compared to those that were not. The interaction effect of employee participation on the relationship between AM and organizational performance was insignificant, so Hypothesis 4 was not confirmed. The R-squared for both models was low, which was expected given that many other variables affect workplace well-being and organizational performance (Yang et al., 2022). 
Sensitivity analysis results
Our sensitivity analysis showed that our models were robust to different measures and different selections of control variables. Table 3 shows the regression results with a continuous measure of AM. Like the binary measure, with a continuous measure of AM, the first three hypotheses were confirmed, and the last hypothesis was not confirmed. The effect size was higher in the model with continuous measure because the meaning of a 1-unit change of AM is different in this model: a 1-unit change here means going from no AM to using AM for all employees. In contrast, a 1-unit change in the binary model means going from no AM to using AM, at least for some employees. Furthermore, our models were robust to additional control variables (results are available upon request from authors).

DISCUSSION 
We used the European Company Survey 2019 to examine the relationship between the use of AM, workplace well-being, and organizational performance. We also investigated the moderating role of employee participation in this relationship. Our findings suggest that controlling for organizations’ size, sector of activity, age, and country of operation, organizations that used AM had better organizational performance and worse workplace well-being. We also found that employee participation in decision-making significantly reduced the negative association between AM and workplace well-being. 
We anticipate that our findings will be applicable in the post-pandemic era, as the fundamental characteristics of AM, such as comprehensive monitoring and opaque calculations, remain unchanged despite the increased adoption of AM during the COVID-19 pandemic (Baiocco et al., 2022). The affordability and performance of artificial intelligence (AI) have improved, with significant recent private investment in AI (Zhang et al., 2022), indicating a likelihood of increased AM usage among European organizations and the deployment of new powerful AM technologies. However, our study's key findings are not expected to alter significantly because the AM measure utilized in this study primarily focused on data analytics for monitoring and determining the pace of work, which constitutes a crucial aspect of AM and is not contingent upon the extent or type of technology employed. Considering recent trends, we suggest several areas for future research to explore the post-pandemic ramifications of AM. Firstly, there has been a surge in AI legislation across Europe and globally (Maslej et al., 2023). Investigating the impact of these regulations on organizations' utilization of AM represents an important avenue for future research. Secondly, the increased capability and popularity of large language models like ChatGPT have heightened concerns regarding uncertainty, bias, misinformation, privacy, and security issues for employees (Budhwar et al., 2023). Examining the interplay of these risks with workplace well-being and identifying strategies to mitigate them presents a promising area for future investigation. 
Furthermore, we believe that our findings apply to different AM applications, which vary across different sectors. AM applications in different industries leverage algorithms to optimize their operations' unique aspects. In the gig economy, platforms like Uber and Door Dash use algorithms to match workers with tasks, dynamically set prices, and monitor performance (Mateescu & Nguyen, 2019). In retail, companies like Amazon employ inventory management algorithms, demand forecasting, and personalized marketing, enhancing efficiency and customer experience (Moore, Upchurch, & Whittaker, 2018). In manufacturing, algorithms are used to streamline supply chain operations, predictive maintenance, and quality control, reducing downtime and improving productivity. Healthcare organizations utilize algorithms for patient scheduling, diagnostic support, and personalized treatment plans, aiming to enhance patient outcomes and operational efficiency (Kellogg, Valentine, & Christin, 2020). Although there are nuanced differences in how these applications are run, all of them could benefit from improved transparency, and employee participation in their design and implementation.
Our study adds to the existing literature by corroborating the adverse effects of AM on workplace well-being, as outlined in previous studies informed by labor process theory (Cameron et al., 2023; Gandini, 2019; Kellogg et al., 2020). By offering empirical evidence for these conceptualized impacts, our contribution strengthens the critique of new employee control mechanisms enabled by algorithms. Moreover, while prior research primarily focused on digital platform work, our empirical investigation validates similar impacts within conventional workplaces, underscoring the need for further exploration into the specific applications of AM in traditional organizations. Digital platforms represent a distinct type of workplace, where traditional employee-employer dynamics are obscured by opaque algorithms (Gandini, 2019; Kellogg et al., 2020). The nature of work in digital platforms differs from that of many conventional organizations, characterized by project- or task-based assignments with piece-rate compensation and a lack of long-term commitments (Duggan, 2008). Despite these distinctions, our findings demonstrate that AM can still detrimentally affect employees in conventional organizational settings. 
Another theoretical contribution of our study to the scholarly discourse on AM is the integration of change management models from digitalization literature. Consistent with prior research, our findings underscore the crucial role of employee participation in the digitalization process (Fichter, 2019). Previous studies have recognized employees as pivotal change agents who shape the outcomes of digitalization initiatives (Bäckström & Lindberg, 2019; Zejnilovic et al., 2012). Similarly, our research reveals that involving employees can attenuate the negative relationship between AM and workplace well-being, a factor essential for long-term organizational performance (Kundi et al., 2020; Mako et al., 2022). While we did not observe a statistically significant moderating effect on the relationship between AM and organizational performance, this may be attributed to the novelty of this technology. The monetary implications of this moderation effect may require time to materialize, unlike its psychological impact, as evidenced by its influence on workplace well-being.
Our study made a practical contribution by advancing previous research on mechanisms to optimize the benefits of AM. A prior study highlighted the importance of involving stakeholders in the AM design process (Dekker et al., 2022), albeit within the context of public governance, focusing on algorithm responsibility and accountability. Our findings echoed this notion in private organizations (beyond platform work), emphasizing performance and well-being outcomes. Similarly, another study conceptualized AM's role in job design, suggesting that maintaining employees' voice over algorithmic systems could enhance their autonomy and improve workplace outcomes (Parent-Rocheleau & Parker, 2022). Our research furthered this framework by providing empirical evidence supporting the role of employee participation as a moderating mechanism. Various tools can facilitate interaction between employees and their line managers, including open meetings and online discussion boards. Line managers may adopt a top-down approach by disseminating information about new technology through channels like email, websites, and newsletters, allowing employee comments and feedback. Conversely, a bottom-up approach may involve collecting voluntary and anonymous ideas and suggestions from employees (Eurofound and Cedefop, 2020). Additionally, co-design tools, such as creative idea mapping and prototype testing, could be utilized to actively engage employees in the design of new AM tools (Dekker et al., 2022). By leveraging these tools, organizations ensure that employees' voices are heard and the implementation of AM is aligned with the needs and preferences of stakeholders.
To foster effective employee participation in algorithmic management, organizations should prioritize transparency by clearly explaining how algorithms work, regularly updating employees, and establishing feedback channels. Involving employees in the design and pilot phases, offering training to enhance algorithm literacy, and forming ethics committees can address ethical concerns (Mattescu & Nguyen, 2019). Empowering employees with decision-making authority and ensuring human oversight, developing fair performance metrics, and implementing accountability mechanisms promote fairness (Moore et al., 2018). Prioritizing data transparency and consent, integrating continuous feedback, ensuring diverse representation in governance, and complying with legal standards are also essential strategies (Kellogg et al., 2020).
This study has several limitations, suggesting promising areas for future research. Firstly, our AM and employee participation measures may not capture the diverse ways organizations utilize these tools. For instance, some organizations may use varying levels of employee participation in algorithmic monitoring compared to algorithmic decision-making. Investigating the effects of these nuanced practices is warranted for future research. Secondly, the European Company Survey (ECS) targeted managers for their survey responses and focused all questions about workplace well-being and performance on managers, potentially introducing social desirability bias. However, it's worth noting that any bias introduced would likely lead to an underestimation of our results. Thirdly, our dataset only included private organizations, excluding public organizations. Given that AM has permeated all sectors, exploring these relationships in other contexts is crucial. Public organizations may employ different decision-making and employee participation methods that could have influenced the findings. Lastly, the ECS data were collected before the COVID-19 pandemic, leading to increased use of AM. Replicating the analyses of this study with future rounds of ECS data could offer insights into the effects of the pandemic. Furthermore, our data was from a single data source and captured only the human resource managers' perspectives, which might have introduced a skewed view of AM's impact. Future research should use diversified data sources and incorporate broader stakeholder perspectives to provide a more holistic understanding of AM's effects in the workplace. To further elevate the manuscript's originality, the authors could consider exploring the differential impacts of various forms of employee participation, which would offer new avenues for understanding how best to leverage employee involvement in the era of algorithmic management.

CONCLUSION
Our study finds that although adopting advanced manufacturing (AM) techniques may enhance organizational performance, it could also adversely affect employee well-being. However, this negative impact can be alleviated by engaging employees in decision-making processes. Maintaining high levels of workplace well-being is crucial for optimizing the advantages of AM, enabling organizations to operate with greater efficiency and effectiveness. Engaging employees in the development and decision-making surrounding new AM tools can be facilitated through various methods such as open meetings, online discussion boards, idea mapping workshops, and prototype testing. Future research should delve deeper into these methods and their influence on the outcomes of AM implementation.
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	Table 1. Sample characteristics by organizations’ use of algorithmic management (AM)

	
	All organizations
N = 211981

	Without AM
N = 13799 
(65.1%)1
	With AM
N = 7399 
(34.9%)1
	p-value2

	Organization age  
	
	
	
	0.003

	Ten years or less
	2,932 (14%)
	1,923 (14%)
	1,009 (14%)
	

	11 to 20 years
	4,946 (24%)
	3,258 (24%)
	1,688 (23%)
	

	21 to 30 years
	5,453 (26%)
	3,612 (27%)
	1,841 (25%)
	

	More than 30 years
	7,612 (36%)
	4,828 (35%)
	2,784 (38%)
	

	Organization size 
	
	
	
	<0.001

	10 to 49 employees
	13,255 (63%)
	9,814 (71%)
	3,441 (47%)
	

	50 to 249 employees
	6,040 (28%)
	3,242 (23%)
	2,798 (38%)
	

	250 employees or more
	1,903 (9%)
	743 (5%)
	1,160 (16%)
	

	The sector of economic activity 
	
	
	
	<0.001

	    Mining
	89 (0.4%)
	56 (0.4%)
	33 (0.4%)
	

	    Manufacturing
	5,224 (25%)
	2,514 (18%)
	2,710 (37%)
	

	    Electricity
	180 (0.8%)
	106 (0.8%)
	74 (1.0%)
	

	    Water & Waste Management
	331 (1.6%)
	209 (1.5%)
	122 (1.6%)
	

	    Construction
	2,201 (10%)
	1,760 (13%)
	441 (6.0%)
	

	    Wholesale and retail
	4,232 (20%)
	2,918 (21%)
	1,314 (18%)
	

	    Transportation and storage
	1,263 (6.0%)
	818 (5.9%)
	445 (6.0%)
	

	    Accommodation and food service
	1,270 (6.0%)
	933 (6.8%)
	337 (4.6%)
	

	    Information and communication
	812 (3.8%)
	521 (3.8%)
	291 (3.9%)
	

	    Financial and insurance
	427 (2.0%)
	268 (1.9%)
	159 (2.1%)
	

	    Real estate
	293 (1.4%)
	236 (1.7%)
	57 (0.8%)
	

	    Professional, scientific, and technical
	1,369 (6.5%)
	935 (6.8%)
	434 (5.9%)
	

	    Administrative and support service
	652 (3.1%)
	439 (3.2%)
	213 (2.9%)
	

	    Arts, entertainment, and recreation
	657 (3.1%)
	506 (3.7%)
	151 (2.0%)
	

	    Other service
	2,198 (10%)
	1,580 (11%)
	618 (8.4%)
	

	Primary indicators
	
	
	
	

	        Workplace well-being (Z-score)
	0.00 (1.00)
	0.07 (0.98)
	-0.13 (1.03)
	<0.001

	        Employee participation (Z-score)
	0.00 (1.00)
	-0.06 (1.02)
	0.11 (0.95)
	<0.001

	        Organizational performance (Z-score)
	0.00 (1.00)
	-0.04 (1.00)
	0.08 (1.00)
	<0.001

	Final calibration weights
	108 (167)
	121 (180)
	82 (134)
	<0.001

	1 Mean (SD); n (%)
	

	2 Wilcoxon rank sum test; Pearson’s Chi-squared test
	




Figure 1. AM adoption, employee participation, organizational performance, and well-being by economic sector
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Figure 2. AM adoption, employee participation, organizational performance, and well-being by country
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Table 2. Results of the regression models (binary measure of algorithmic management)
	 
	Workplace well-being 
	Organizational performance

	Predictors
	Estimates
	CI
	p
	Estimates
	CI
	p

	
	Hypothesis 1
	Hypothesis 2

	Algorithmic Management (AM)
	-0.16
	-0.24 – -0.07
	0.001
	0.08
	0.01 – 0.15
	0.021

	Employee Participation (EP)
	0.14
	0.11 – 0.17
	<0.001
	0.10
	0.07 – 0.12
	<0.001

	
	Hypothesis 3
	Hypothesis 4

	AM * EP
	0.05
	0.01 – 0.09
	0.021
	-0.02
	-0.07 – 0.03
	0.367

	Controls†
	yes
	
	
	yes
	
	

	Observations
	18805
	17335
	
	

	Ajusted-R2
	0.032
	0.012
	
	

	† Country, sector, age, size



Note: Confidence Intervals are calculated using the survey weights to account for complex sampling design and non-response bias.
P-values result from type 3 analysis of effects, which tests for the overall effect of a variable with multiple categories.




Table 3. Results of the sensitivity analysis (continuous measure of algorithmic management) 
	 
	Workplace well-being 
	Organizational performance

	Predictors
	Estimates
	CI
	p
	Estimates
	CI
	p

	
	Hypothesis 1
	Hypothesis 2

	Algorithmic Management (AM)
	-0.24
	-0.38 – -0.10
	0.002
	0.16
	0.09 – 0.23
	<0.001

	Employee Participation (EP)
	0.14
	0.11 – 0.17
	<0.001
	0.09
	0.06 – 0.12
	<0.001

	
	Hypothesis 3
	Hypothesis 4

	AM * EP
	0.10
	-0.01 – 0.20
	0.064
	-0.01
	-0.08 – 0.07
	0.879

	Controls†
	yes
	
	
	yes
	
	

	Observations
	18805
	17335
	
	

	Ajusted-R2
	0.032
	0.012
	
	

	† Country, sector, age, size



Notes: Confidence Intervals are calculated using the survey weights to account for complex sampling design and non-response bias.
P-values result from type 3 analysis of effects, which tests for the overall effect of a variable with multiple categories.




Appendix Table 1. Results of factor analysis on the selected survey items and the constructed measures 
	Measure
	Survey items
	Factor loading
	std correlation
	std Alpha

	Algorithmic management
	
	
	
	0.47

	
	Does this establishment use data analytics to monitor employee performance? (1-Yes 2-No)
	0.68
	0.75
	

	
	Does this establishment use data analytics to improve the processes of production or service delivery? (1-Yes 2-No)
	0.64
	0.74
	

	
	For how many employees is the pace of work determined by machines or computers? (Likert scale from 1- “Not at all” to 7-“All”)
	0.19
	0.60
	

	Workplace wellbeing
	
	
	
	0.55

	
	Overall, how motivated do you think employees in this establishment are? (Likert scale from 1- “Very motivated” to 4-“Not at all motivated”)
	0.68
	0.72
	

	
	Do you think the level of sickness leave in this establishment is too high (1-Yes 2-No)
	0.24
	0.55
	

	
	How would you describe the relations between management and employees in this establishment? (Likert scale from 1- “Very good” to 5-“Very bad”)
	0.70
	0.72
	

	
	How difficult is it for this establishment to retain employees? (Likert scale from 1- “Very difficult” to 4-“Not at all difficult”)
	0.36
	0.61
	

	Organizational performance
	
	
	
	0.56

	
	In 2018, did this establishment make a profit? (1-“Yes, we made a profit” 2-“No, we made loss” 3-“We broke even”)
	0.70
	0.69
	

	
	Did this establishment expect to make a profit in 2018? (1-Yes 2-No)
	0.63
	0.67
	

	
	Since 2016, how has the amount of goods or services produced by this establishment? (1-“It has increased” 2-“It has stayed about the same” 3-“It has decreased”)
	0.34
	.066
	

	
	In the next three years, how do you expect the total number of employees in this establishment? (1-“It will increase” 2-“It will stay about the same” 3-“It will decrease”)
	0.25
	0.61
	

	Employee participation
	
	
	
	0.64

	
	The organization and efficiency of work processes- since 2016, employees directly influenced management decisions (1-“To a great extent” 2-“To a moderate extent” 3-“To a small extent” 4-“Not at all”)
	
	0.86
	

	
	Working time arrangements - since 2016, employees directly influenced management (1-“To a great extent” 2-“To a moderate extent” 3-“To a small extent” 4-“Not at all”)
	
	0.86
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