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Abstract
Purpose – Warehouse operations are rapidly becoming more robotized to increase performance and reduce 
costs. A key innovation in the field is human–robot collaboration (HRC). Despite the essential role of human 
behavior in operational performance, human factors in HRC are still understudied in Operations Management 
literature. To address this gap, we conducted a unique real-effort experiment in a warehouse especially erected 
for this study and ground our analysis in Self-Determination Theory, Leader-Member Exchange Theory and 
Regulatory Focus Theory.
Design/methodology/approach – The experiment compares the objective outcomes of collaborative 
productivity, collaborative accuracy and human pick time between a configuration with the human leading 
the robot and a configuration with the human following the robot. Additionally, we investigate the behavioral 
mechanism governing human reactions to the novel collaboration with robots.
Findings – We find that human leading allows for superior collaborative order picking productivity, while 
human following allows for greater collaborative order picking accuracy. Especially when picking involves 
traveling between locations, human leading results in shorter pick times. We additionally establish a prevention 
focus as the factor that allows workers to bridge the productivity gap between the two setups.
Research limitations/implications – A limitation of the lab experiment is its short duration, which necessitates 
follow-up research in field experiments.
Originality/value – These insights will help warehousing service providers to tailor collaborative robotic 
solutions based on quantifiable trade-offs between system speed and accuracy.
Keywords Human factors, Behavioral operations management, Robotic warehouse systems,
Human–robot collaboration
Paper type Research article

1. Introduction
Robots have been used in industry for decades. The latest generation of fully autonomous 
robots operates independently, enabling them to explore, navigate and manipulate their 
environment without human supervision (Ben-Ari and Mondada, 2017; Nayyar and Kumar, 
2020; Azadeh et al., 2019, 2025). Warehouses have served as leading incubators for the design 
and application of autonomous robots, as their structured environment makes them well-suited 
for robotic material handling (Azadeh et al., 2019; Fragapane et al., 2021). As a result, 
warehousing service providers have increasingly adopted autonomous robots, following 
advances in safe navigation close to humans (Ben-Ari and Mondada, 2017).
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However, robots are not replacing human workers entirely. These “automatically 
controlled, reprogrammable, multipurpose manipulators” (International Organization for 
Standardization, 2012) were integral enablers for automation in the third industrial revolution. 
In Industry 4.0, they attained the pivotal ability to sense the environment, learn and adapt in 
real time, allowing them to become truly autonomous (Nayyar and Kumar, 2020; Neumann 
et al., 2021). Nevertheless, when tasks cannot be fully automated (like grabbing product units 
from a location), human involvement is still required. Rather than using machines as tools, 
humans increasingly share the work floor and operate in collaboration with autonomous 
robots. This shift has led to the introduction of collaborative robots or “cobots”, designed to 
complement human labor rather than replacing it (Matheson et al., 2019; Lorson et al., 2022).

Despite advances in computer science and engineering, Operations Management research 
on robotics implementations is not abundant. As the dawn of Industry 5.0 moves industry 
further towards human–machine integration, the importance of studying the human factor for 
effectively designing, managing and deploying robots alongside human workers is crucial 
(Donohue et al., 2020; Olsen and Tomlin, 2020; Sgarbossa et al., 2020). Human–robot 
collaborative performance is dictated not only by individual human or robot performance but 
also by their shared collaborative performance. However, unlike robots, human performance is 
state-dependent, meaning that humans may adjust their work rates in response to the 
performance of their coworkers (e.g. in serial production lines: Cantor and Jin, 2019; Doerr 
et al., 2002; Powell and Schultz, 2004; Schultz et al., 1998). These dynamics are particularly 
relevant to warehouse order picking, where cobots assist human workers by handling repetitive 
tasks (e.g. transport) while humans focus on more complex tasks (e.g. order picking) (Azadeh 
et al., 2019; Fragapane et al., 2021; Gutelius and Theodore, 2019; Lorson et al., 2022).

This study examines two behavioral factors that may shape the outcomes of human–robot 
collaboration (HRC). In human–robot collaborative order picking, productivity depends on 
both the joint actions of humans and robots and the tasks performed separately. During 
collaboration, humans and robots work together, while the robot later operates independently to 
deliver completed orders. Because robots handle transport, human pickers reduce travel, 
potentially making cobotic systems more productive than traditional order picking. A first 
behavioral implication is caused by the fact that humans and robots often alternate between the 
roles of “leading” or “following” one another (Wang et al., 2017, 2020; Yanco and Drury, 
2004). Depending on the specific setup, the robot may hinder or assist the human, resulting in 
varying collaborative performance outcomes that remain unexplored. Second, human behavior 
may be affected by the psychological construct known as prevention focus, which encapsulates 
the level of vigilance that an individual exerts to handle their responsibilities (Higgins, 1998). 
As such, we propose that when workers perceive robots as a hindrance, a higher prevention 
focus may compensate for any performance limitations inflicted by the robot.

We investigate these operational and behavioral implications of HRC in the context of 
warehouse order picking, as it provides a natural setting for the leading/following relationship 
to manifest. Order picking cobotic setups in the market include instances of humans leading 
(e.g. Toyota-BT, 2025), following/supporting the robot (e.g. 6 River Systems, 2019) or a 
hybrid combination where the roles alternate (e.g. Locus Robotics, 2025). Full automation of 
the order picking process remains impractical due to the lack of standardization, the variety of 
products, storage locations, order composition and requirements in terms of stacking, order 
handling and speed. Market projections suggest rapid growth in warehouse collaborative 
robotics (Statista, 2024). Understanding what constitutes effective HRC in warehouse order 
picking is both relevant and timely for future operational strategy.

With our study, we therefore address two key research questions: (1) How do human 
leading vs human following HRC dynamics impact order picking performance in terms of 
collaborative productivity, collaborative accuracy and human pick time? (2) What behavioral 
factor influences human responses to HRC? As such, we contribute to the literature of logistics 
research and operations management in three ways. First, we introduce the distinction of 
human leading vs human following relationship dynamics in HRC, motivated by the
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manufacturing and robotics design literature on active/passive cobotic setups. Second, we 
propose a prevention focus as the key factor influencing the state-dependent human behavior 
in collaborative robotics settings. Third, we run an elaborate physical, real-effort experiment 
(i.e. where participants must perform actual, measurable tasks, rather than simply making 
choices, Charness and Kuhn, 2011), which is a novel approach compared to the simulated 
HRC setups commonly employed by studies in this domain. The findings provide insights into 
assessing new collaborative robotic solutions, enabling warehousing service providers to 
optimize human workforce for maximal operational efficiency.

2. HRC dynamics
HRC dynamics are shaped by the assignment of active (leading) and passive (following) roles 
to the collaboration partners. Across the stream of literature on robot design for human–robot 
interaction (HRI) in production lines, task-sharing robots can be characterized by their 
autonomy level (Bruemmer et al., 2005; Yanco and Drury, 2004). A robot’s autonomy can be 
taxonomized by the level of human assistance they require to complete tasks, ranging from 
performing tasks almost independently (active robot) to relying heavily on human assistance 
(non-active/passive robot). Nowadays, the sub-stream of HRC has emerged. Under a 
collaborative relationship, the robot can now be the intervening agent and humans can be the 
“active” or “non-active”/“passive” agent according to their involvement in the task. Therefore, 
the concept of “agent autonomy” in HRC describes the extent to which the robot’s actions are 
directly determined by the human agent or vice versa. The relationship dynamics are closely 
related to “leader-follower” relationships and each partner’s behavior can range from inactive 
(resting), supportive (following), to active (leading) (Wang et al., 2017, 2020). As the inactive 
state has no collaboration implications, we focus on the opposing states of leading vs following.

In car manufacturing, an example of a supportive/following cobot assists active/leading 
human workers by handing them tools and parts they require during the assembly process. In the 
same assembly process, an active/leading cobot may lift, place or manipulate heavy loads, then 
hold them and wait for the supportive/following human to mount them together. Similarly, 
warehouse order picking provides valuable context to examine the leader-follower HRC 
dynamics. In low-level picker-to-parts order picking (i.e. retrieving products from low-level 
storage positions to fulfil specific customer orders), specific types of cobots collaborate with 
human pickers, adopting either a leading or a supportive role, causing the pickers to assume the 
complementary supportive or leading role, respectively. While some configurations allow for 
hybrid/adaptive collaboration (the two partners may alternate leading/following roles), we focus 
on distilling the opposing configurations where each partner takes full responsibility for a role.

The difference between the two setups lies in the way that movement from one pick 
location to the next is initiated. In a leading/active role, the cobot autonomously navigates to 
pick locations indicated by tasks retrieved from the warehouse management system. 
Subsequently, the picker interacts with the cobot at the pick location (reached either by visiting 
or by following the robot), puts the requested item in the appropriate load carrier and completes 
the pick, before following the cobot to the next pick location or searching for a different cobot. 
Therefore, the picker assumes a supportive role of fulfilling a task that the cobot is unable to 
perform (picking an item). In contrast, when the picker has a leading/active role, she navigates 
from one location to the other, performs the pick tasks fed to her via communication devices 
(e.g. pick by voice, pick to light, etc.) and drops off the retrieved items on the robot that plays 
the supportive role of following the picker in close proximity.

3. Literature and hypotheses development
3.1 Collaborative productivity, collaborative accuracy and human pick time
In human–robot collaborative order picking, productivity is influenced by both the 
collaborative and the non-collaborative components of the task. In both leading/following
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collaborative order picking configurations, the collaborative portion of the task consists of 
humans and robots interacting, while the non-collaborative portion takes place when the robot 
carries completed orders autonomously to the depot station. Relieving pickers from 
unnecessary travel allows for greater utilization of the human workers, and, as such, recent 
research argues that it may translate to a higher system productivity of cobotic picking 
solutions when compared to traditional order picking (Azadeh et al., 2025; Ghorashi 
Khalilabadi et al., 2025; L€offler et al., 2018).

System productivity at a macroscopic level typically denotes the correctly completed tasks 
per unit of time and, therefore, in this order picking context, the number of correctly picked 
orders per unit of time (Figure 1). Even though the time saved from a reduction of unnecessary 
traveling (the non-collaborative portion of task) is, by default, beneficial for system 
productivity, it is not currently clear how collaborating with robots will affect the bulk of an 
order picker’s job. Although human travel is reduced, the job still requires traveling, searching, 
picking and other minor activities (Tompkins et al., 2010). The performance on these tasks is 
now a product of HRC. Collaborative productivity at the microscopic level of the order picking 
task denotes the portion of system productivity that contains the collaborative effort of picker 
and robot while they are paired (traveling together, being stationary together or interacting). 
This may be measured as the number of correctly picked number of orders (or order lines in 
general) per unit of time during the collaborative process and is inevitably capped by the 
productivity of the slower partner or the system bottleneck.

Assuming that robot speed is capped to warrant safety close to humans and is standardized 
across different setups, the spatial configuration of the leader–follower setups inevitably 
influences the output of the system. As such, when the human is leading (robot following/ 
supporting) and has a higher degree of autonomy, she determines her own work pace, which 
leads to a larger variation in productivity. In contrast, when the robot leads, the picker’s pace 
may be constrained by the robot predefined speed, which now becomes the bottleneck. From a 
Self-Determination Theory (SDT) perspective (Deci and Ryan, 2012; Deci et al., 2017), 
human motivation and performance are fundamentally shaped by the satisfaction of three basic 
psychological needs: autonomy (the need to feel volitional and self-directing), competence 
(the need to feel effective and capable) and relatedness (the need for meaningful connection 
with partners). Research demonstrates that when these needs are satisfied, individuals exhibit 
autonomous motivation, which reliably predicts enhanced performance, persistence and 
engagement across diverse work settings. The human-leading and robot-following 
configurations create distinctly different psychological environments that either support or 
constrain these fundamental needs. In human-leading setups, workers exercise relatively high 
(perceived) decision autonomy over navigation and pacing – directly satisfying the autonomy 
need. This autonomy support fosters autonomous motivation, which is associated with higher 
productivity compared to controlled motivation (Hagger et al., 2014). Research in 
organizational psychology demonstrates that autonomous motivation leads to greater

Figure 1. Components of HRC system productivity. Bold type 5 investigated performance indicators. The 
numbering of hypotheses is consistent with the sequence of the models tested in Section 4
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persistence, concentration and effort, as well as enhanced proactive problem-solving 
behaviors. Therefore, both from the perspective of the structural dynamics of the setup and 
the perspective of behavioral theory, we expect that a setup with a human leading a robot is 
always equal or better than a setup with human following a robot in terms of collaborative order 
picking productivity.

H1a. Human leading the robot outperforms human following the robot in terms of 
collaborative order picking productivity.

To further dissect the human–robot collaborative productivity, we reduce it to the two key 
components of collaborative speed (or throughput) and collaborative accuracy (Figure 1). 
Collaborative speed simultaneously depends on the speed and capabilities of both robots and 
humans. Even though robot moving speed can be designed or assessed with great accuracy 
(Azadeh et al., 2019), the speed of human order pickers varies across individuals (e.g. De Vries 
et al., 2016a, 2016b) and consists of processing speeds of several sub-tasks (walking, 
searching, picking, etc.). Recognizing that the common movement speed is capped by the 
slower partner and equal across both scenarios, we can only differentiate across the two setups 
in the time spanning from the joint arrival to the joint departure from the pick location. While 
both partners are stationary at the pick location, the time spent there includes the time required 
by the human to complete the search for the required item and execute the pick. As such, the 
speed at which the human performs these actions may be directly attributed to her (denoted 
hereafter as human pick time). When the human is leading (robot following), the human has to 
assume a fully active state, process the order picking information and instructions at the 
beginning of her order picking cycle to initiate the movement, search until she reaches the pick 
location and execute the pick promptly after arriving at the pick location. In comparison, when 
the human is following (robot leading), the human has more choice on the level of involvement 
with the task across a continuum from being fully active to fully passive. On one extreme, she 
can be fully active: process the picking information and search before reaching the pick 
location and be prepared to execute the pick as soon as she reaches the pick location. On the 
other extreme, she can be fully passive: process the picking information and search for the pick 
only after the robot stops at the indicated picking position, then execute the pick. Therefore, 
human pick time when the human is leading will always be equal to or better (shorter) 
compared to when the human is following:

H2a. Human leading the robot outperforms human following the robot in terms of human 
pick time.

Conversely, collaborative order picking accuracy is expected to be higher when the robot is 
leading (human following), as the robot decreases the opportunity for mistakes by physically 
stopping at the correct pick location, limiting the human picker’s choice. The robot’s precise 
stopping at mapped locations and presentation of item information creates what SDT identifies 
as informational feedback – clear, immediate cues about correct actions that could 
significantly reduce errors (Deci et al., 2017). The robot’s structured guidance functions as 
an external error-prevention system, offering environmental support that compensates for 
human fallibility in complex pick environments. This represents the competence-support 
component of SDT, where clear feedback and environmental structure enhance task accuracy 
even when autonomy is somewhat constrained. This is also supported by the Leader–Member 
Exchange (LMX) Theory (Schriesheim et al., 1999), which focuses on the quality of the 
relationship between leaders and followers. Applied to robots leading with high-quality LMX 
(e.g. when robots give clear instructions and allow some interaction), it may lead to greater 
levels of compliance of the humans (see Gerstner and Day, 1997; Tsai et al., 2022). Together, 
this leads to the following hypothesis.

H3a. Human following the robot outperforms human leading the robot in terms of 
collaborative order picking accuracy.
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3.2 Role of prevention focus in HRC
While the structural dynamics and behavioral context of HRC affect performance outcomes, 
individual human characteristics also play a key role in determining productivity and accuracy. 
Indeed, having the opportunity to work faster or more accurately does not necessitate actually 
doing it. Prior research has highlighted the importance of differences in worker personality 
characteristics in affecting order picking performance in both manual (e.g. De Vries et al., 
2016a) and technology-assisted settings (e.g. De Vries et al., 2016b), as well as for a multitude 
of human factor aspects (Grosse et al., 2017).

Despite the growing adoption of HRC in order picking, behavioral research on the topic 
remains limited. Much of the existing literature on human–robot collaborative order picking 
relies on simulated settings (e.g. safety: Inam et al., 2018; movement intention: Petkovi�c et al., 
2019). These simulations are subject to assumptions that are usually not empirically validated. 
Even studies that utilize empirical data to assess theoretical models on scheduling coordination 
acknowledge their limitations to fully capture actual human working behaviors (Wang et al., 
2022). Empirical findings suggest that HRC can enhance picker job satisfaction and self-
efficacy and, under certain conditions, improve self-esteem (Pasparakis et al., 2023). 
Additionally, some evidence suggests that higher HRC workload reduces boredom but may 
impair performance when autonomy is low (Hosseini et al., 2024).

To better conceptualize human responses to the collaboration with robots, we consider the 
concept of prevention focus. Specifically, we theorize how the imposed cooperation in an 
interdependent setup evokes a behavioral response that is dictated by a prevention focus and 
affects task engagement.

In HRC picking environments, the final outcome is a sequence of smaller tasks with a 
common end-goal, performed alternately by the human and the robot (with the occasional 
overlap). In such interdependent settings, the picker can only achieve maximum productivity 
by synergizing with the robot and is effectively encouraged to work in cooperation with the 
robot (and not in competition with it) (Rosenbaum et al., 1980). The introduction of robots 
forces the picker into collaboration with a fixed-resource teammate, resulting in task 
interdependence constrained by the capabilities of the robot (Steiner, 1972). As a result, HRC 
can be perceived as inherently threatening to worker productivity and the subsequent earning 
potential. This might be especially salient for workers who are naturally inclined to 
strategically devise their behaviors to avoid negative outcomes or “high prevention focused” 
individuals, according to regulatory focus theory (Higgins, 1998; Wallace and Chen, 2006). 
Such individuals are expected to be more engaged within a collaborative group setup and are 
consequently likely to have the intention to excel at their tasks, despite any imposed limitations 
(Beuk and Basadur, 2016). Prevention focus describes this inclination of a risk-minimizing 
individual, and it may additionally enhance the effects of cooperative setups on the 
performance of partners (e.g. Beersma et al., 2013; Chernikova et al., 2017). In the context of 
warehouse order picking, De Vries et al. (2016a) have shown that prevention focus explains an 
important part of the productivity variation in sequential (interdependent) order picking 
assignments under cooperation setups. We, therefore, hypothesize that:

H1b. A higher human prevention focus leads to higher collaborative productivity in 
human–robot collaborative order picking.

H2b. A higher human prevention focus leads to a shorter human pick time in human– 
robot collaborative order picking.

Building further on the point that a strong prevention focus will lead to more vigilance and 
mistake-avoidance efforts (Higgins, 1998; Wallace and Chen, 2006), we additionally 
hypothesize that:

H3b. A higher human prevention focus increases collaborative order picking accuracy in 
human–robot collaborative order picking.
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Beyond the overall effect of prevention focus, we expect that its impact might vary between the 
scenarios of human leading and human following. Prior research has shown that human order 
picking productivity under cooperation-based setups declines as the degree of 
interdependence between (human) workers increases (De Vries et al., 2016a). This 
reduction in productivity when partners collaborate in sequential settings is often attributed 
to work-rate adjustment, influenced by the observed productivity of the partner (Cantor and 
Jin, 2019; Doerr et al., 2002; Powell and Schultz, 2004; Schultz et al., 1998).

Such state-dependent behavior may also occur in the human-following scenario, which 
resembles a cooperation-based sequential setting with the human tasks contained in-between 
robot tasks, and the robots playing the role of downstream partners (i.e. in front of the human 
worker). In such a setting, humans may choose to either slow down their task to match the 
speed of their robotic partner or instead focus on maximizing collaborative productivity, for 
example, by preparing for the upcoming tasks before reaching the pick location. As individuals 
with a high prevention focus experience the threat that robots pose on their productivity (and 
subsequent rewards) more saliently, they are more likely to adopt strategies that mitigate their 
potential losses. Consequently, differences in human behavior under the human-following 
scenario may partially account for the productivity gap between the scenarios (according to 
H1a). We therefore theorize that pickers with a higher prevention focus will maintain their 
productivity efforts even when following robots:

H1c. Human prevention focus moderates the effect of human leading vs. human 
following on collaborative productivity. A higher prevention focus diminishes the 
gap in collaborative productivity across these conditions.

H2c. Human prevention focus moderates the effect of human leading vs human following 
on human pick time. A higher prevention focus diminishes the gap in human pick 
time across these conditions.

Additionally, the positive effect of prevention focus on collaborative accuracy is more likely to 
occur in the human leading scenario, where, according to H3a, there is an additional risk for 
mistakes. Therefore, we hypothesize that:

H3c. Human prevention focus moderates the effect of human leading vs human following 
on collaborative accuracy. A higher prevention focus diminishes the gap in 
collaborative accuracy across these conditions.

4. Methodology
4.1 Participants and research setting
To empirically test our hypotheses and investigate the factors that govern HRC, we designed 
and conducted a large-scale controlled physical experiment involving 60 participants. This 
methodology is well-suited for empirically investigating the effects of human behavior in 
group dynamics (Bendoly et al., 2010). This setup required substantial effort due to its one-on-
one nature, with each participant engaging in a three-hour session under the supervision of two 
experimenters (one for robot supervision, one for quality control and restocking).

To ensure sufficient statistical power to test our hypotheses, we used a within-subjects 
design, exposing all 60 participants to both setups of human leading and human following 
(procedure and randomization explained further under x3.2). This enabled us to control for 
more individual extraneous variables and made it easier to detect differences in performance 
across treatments (Eckerd et al., 2021).

The participants’ pool consisted of Dutch students at a vocational shipping and transport 
college in the Netherlands, training to become future logistics employees. Using vocational 
students promotes practical generalizability and relevance for our findings, in accordance with 
previous studies, which suggest that vocational students are more appropriate subjects for
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physical order picking experiments compared to the more common practice of deploying 
university students (De Vries et al., 2016b). Participants were recruited randomly from a pool 
of interested senior students after the experiment was advertised as an attractive opportunity to 
gain experience in working with cutting-edge technology. The proportion of female to male 
recruited students (10:50) was representative of the college’s student population. The average 
age of the participants was 18.0 years (sd 5 1.3 years). To motivate sustained effort for the 
session, the participants were compensated with the combination of three components that 
reflect reward systems observed in practice: (1) a certificate of training experience (emulating 
work experience), (2) a flat monetary reward for participation (base compensation/wage), as 
well as (3) additional bonus monetary prizes for the top three performers that picked the largest 
amount of correct order lines (sum of all monitored rounds), among all participants 
(performance bonus). The combination of a representative research sample and a realistic 
reward system allowed us to obtain findings that are methodologically rigorous, yet 
meaningfully generalizable to practice.

To accurately replicate the order picking process, we erected a dedicated experimental 
warehouse in the Netherlands with 300 distinct pick locations (Figure 2). The setup was 
designed to resemble a typical shelf warehouse used worldwide for storing small items in small 
quantities. As one of Europe’s largest logistics hubs with a considerable number of 
implementations of warehouse cobotics over the last years (Globe Newswire, 2025), the 
Netherlands is an appropriate research context for the experiment. The warehouse was 
constructed in a secluded building, with professional metal racks in a layout of two and a half 
aisles, consisting of ten sections per aisle. Each rack was 2,100 mm high and was divided into 
four levels (vertically) and into three pick positions per level (horizontally). Pick locations 
were systematically labeled marking the aisle-section-level-position identity in natural 
progression (e.g. an item at the pick location A.04.02.03 is in aisle A, in the fourth section, on 
the second level and at position three). Each pick location hosted a unique household product 
(volume from 0.1 to 5 l, and weight from 10 to 2000 g), with enough stock to allow for

Figure 2. Warehouse layout (units in mm)
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uninterrupted picking during each picking round. The realistic warehouse design, the order 
process and the robot collaboration contribute to enhancing the external validity of our results.

The participants were instructed to perform a simplified order picking task that can be 
summarized in four steps:

(1) Locate the next requested product on the order list.

(2) Pick the specified quantity and place them in the order crate.

(3) Confirm the pick via the touchscreen interface.

(4) Repeat the process with the next order line until the order is complete, then proceed to 
the next available order.

Orders were sequentially fed to the participants via a simple touchscreen interface and were 
virtually inexhaustible, ensuring that participants were engaged at all times during the pick 
runs. The interface provided information (location code, name of the product, number of 
requested units) for all the order lines of the order at hand. To provide enough variation in the 
task, three large sets of random orders were generated, with each order consisting of 5 to 10 
order lines (5: 40%, 6: 25%, 7: 15%, 7: 10%, 9: 5%, 10: 5%) requesting a unique product. Each 
of the 300 pick locations had the same probability of being selected, with the only constraint 
that every order included at least one item from each of the three aisles, so as to force pickers to 
visit all three aisles per order. To further standardize the movement, we implemented an 
alternating sequence of visiting the aisles (A-B-C for orders with odd numbers and C-B-A for 
orders with even numbers). As such, we nullified the opportunity for taking shortcuts and 
created a continuous S-shaped movement for the picker, requiring the same total travel 
distance to fulfil each order. The number of units to be picked for each order line ranged from 
one to three (one: 50%, two: 30%, three: 20%).

4.2 Experimental procedure
The experiment consisted of two phases. Phase 1 commenced at the participant’s arrival at the 
warehouse. First, they filled out a participation consent form along with a questionnaire 
(demographics, regulatory focus) and watched a series of videos explaining the procedure of 
the experiment and the general rules of order picking. All forms, questions and videos were in 
Dutch (the native language of all participants). Second, they performed one round of manual 
order picking using a pick trolley. This allowed the participants to get familiar with the 
warehouse and the mechanics of order picking, such as objectives, routing logic, naming 
schemes, electronic pick lists and touchscreen interfaces.

In Phase 2, participants were introduced to the manipulation following a within-subjects 
design. Each participant was assigned to a (counterbalanced) sequence of the two collaborative 
order picking conditions, of (1) human leading and robot following, (2) robot leading and 
human following. In total, every subject participated in three 20-min monitored order picking 
rounds. Three distinct order sets were also randomly assigned to each of the three rounds, 
resulting in a grid of 233! ¼ 12 different ðscenarioÞ3ðorder set sequence) assignments. 
Figure 3 depicts the participant’s journey. Before each round, the participants followed 
instructions and practiced the task, and after each round, they filled out a questionnaire which 
captured their emotional states as well as their perception of the performed task. The monitored 
subjective/perceptual constructs are not affecting or overlapping with any objective outcomes 
of the current study and were used in follow-up research (Pasparakis et al., 2023).

4.3 Manipulation
To implement the manipulation, we deployed two identical and undistinguishable prototype 
autonomous robots with localization accuracy of ± 20 mm accuracy facilitated by a 270-
degree laser scanner. Each robot was fitted with a touchscreen mount and enough space for
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transporting one empty order crate. The size of the orders and the speed of unloading were set 
such that a human picker never had to wait for a robot for the next order to be picked.

In the human leading condition, a small touch screen was fitted on the subject’s non-
dominant arm. The subject was explicitly informed that she was in control and leading the 
process, while the robot was there to support by carrying the crate for her. The participant used 
the touch screen to locate the next pick location, and the robot followed her movement at a 
close distance, carrying the order’s crate. Conversely, in the human following setting, a larger 
touch screen was fitted on the robot’s back to account for the greater viewing. In this scenario, 
the robot was framed to be in control and leading the process, while the subject was there to 
support it by following and putting the products in the crate. In this scenario, the robot 
navigated to the designated pick location, while the subject followed it to perform the pick at 
the destination.

The primary distinctions between the two scenarios were characterized by: (1) enforcing 
the leader-follower collaboration dynamics due to the relative spatial positioning of the two 
collaborators and (2) verbal framing of the leading (active) vs following (supportive) roles of 
the collaborators (Figure 4).

Although participants were led to believe that the two scenarios were fundamentally 
different, they were designed to ensure that the picking performance was affected by factors 
only attributable to the participants. To establish comparability between setups and eliminate 
the confounding variable of robot performance, we employed a Wizard of Oz approach. 
Participants were informed that the robots were intelligent enough to locate the products in the 
warehouse or to follow the human autonomously. In reality, the robots’ movements for each set 
of orders were predefined and identically carried out at the same speed across scenarios for 
movements between the same locations, with only variation to accommodate human 
positioning. This offset ensured that the picker positioned herself always in the midpoint of the 
section where the requested product was stored, and, therefore, standardized stopping nodes 
when picking the same product across scenarios. Naturally, two sections located on either side 
of the same aisle share a common stopping node (e.g. B.03 and B.04), and each aisle or half 
aisle has five unique stopping nodes.

The sequence of commands was preprogrammed in the robots, with navigation instructions 
triggered each time the participant confirmed the previous pick with a tap on the screen. In the

executed

In counter-
balanced 
sequence

• Video: human leading the robot order 
picking

• Demonstration: human leading
• Practice round: human leading

HUMAN LEADING (20 min)

• Video: human following the robot order 
picking

• Demonstration: human following
• Practice round: human following

HUMAN FOLLOWING (20 min)

• Video: standard instructions
• Demonstration: manual order picking
• Practice round: manual order picking

MANUAL ORDER PICKING (20 min)

Phase 2

Phase 1

• Participant enters warehouse lab
• Fills out consent form & questionnaire
• Video: procedure & rules of order picking

Figure 3. Participant’s experimental journey
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robot leading condition, the picker’s movement did not affect that of the robot. When the 
picker was leading, the robot followed the predefined route without overtaking the picker, but 
stopped at a safe distance behind the picker, creating the illusion of following. As such, it was 
not possible for participants to notice the difference, and we did not notice any signs that 
indicated participants observed this. To maintain a continuous workflow, the finishing point of 
all orders was positioned in the immediate proximity of the next order’s starting point (due to 
the imposed S-shaped route), meaning that the participant had direct access to the second robot 
loaded with the next order. While the human was occupied with fulfilling the next order, the 
first robot transported the crate to the quality control station without interfering with the 
picker’s or the second robot’s movements. As such, unnecessary traveling was eliminated, and 
the humans were continuously occupied with tasks that fall under the collaborative 
performance denotation (Figure 1). As the robot movement and speed were the same across 
scenarios and for all participants, all variation in the observed outcomes is a result of variation 
in human behavior and performance.

Throughout both conditions, the subject retained continuous access to order information on 
the screen interface. A subtle but crucial difference between the scenarios was that in the robot-
leading scenario, the subject could decide when to retrieve the information from the screen. 
Therefore, the subject could adopt a stance ranging from active (processing the information at 
the beginning of the pick cycle) to passive (processing the information after reaching the pick 
location). In both scenarios, the robot automatically transported the crate to the quality control 
station (Figure 2), as soon as the subject completed the order. The subject then interacted with

Figure 4. HRC settings. Left: Human leading and robot following. Right: Human following and robot leading
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the next robot, which was fitted with an empty crate for the next order. The process was 
repeated until the predefined time was over.

4.4 Operationalizing objective performance outcomes (dependent variables)
Throughout both HRC rounds, we closely monitored and assessed the performance of the 
participants in terms of collaborative productivity, collaborative accuracy and human pick 
time. We assume that participants became proficient with the order picking method during the 
training and practice phases of each round.

Collaborative productivity was quantified as the number of correctly completed order lines 
during each 20-min picking run. In practice, incorrect lines must be repaired and lead to a net 
loss of throughput, as pointed out by previous literature on order picking experiments (e.g. De 
Vries et al., 2016a). Nevertheless, we performed robustness checks in our final models using 
the total number of completed order lines, ensuring that the established relationships are 
analogous. In the HRC scenarios, order picking throughput is capped by the performance 
characteristics of the robot. Therefore, the aggregate number of items picked reflects the 
collaborative productivity or the productivity that the subject achieved, reflecting any 
hindrance imposed by the robot.

To further assess human engagement within the collaborative setting, we monitored the 
human pick time, defined as the duration that subjects took from the moment they reached the 
pick location until the moment they completed (confirmed) the pick. We retrieved this 
information from the interface and robot movement logs, which were recorded independently 
from the quality control station data. We additionally compared the number of confirmed picks 
(from the robot logs) with the total number of picks (recorded at the quality control station), to 
cross-validate the accuracy of the records kept by the experimenters. It should be noted that the 
human pick times were segmented into three clusters: 2,720 picks of products located in the 
same aisle but at different stopping nodes (26 combinations of stopping nodes), 3,609 picks of 
products located in different aisles (46 combinations of stopping nodes), and 1,165 picks of 
items located at the same stopping node (10 distinct stopping nodes). This segmentation serves 
as an internal robustness check on the results produced by the analysis of the aggregate/quality 
control data across all potential types of node-to-node movement. As such, the split allows for 
a more appropriate fit of the final models by individually capturing the slightly different 
spreads among the respective human pick time distributions. Cluster III (C-III) is especially 
interesting, as it differs distinctly from the other two: the picker does not need to travel during 
the pick cycle (the robot also stands still), which means that the human pick time can be 
attributed entirely to the human worker. Note, we only have time stamps of the actual picks; the 
time between two picks includes traveling, searching and picking. Consequently, the time 
pickers actually spend picking is a derived metric, which we construct based on the known 
travel speed of the robot. However, in practice, this speed might slightly deviate, for instance, 
when a picker blocks the path of the robot. The likelihood of these deviations occurring might 
differ between our experimental conditions. We are primarily interested in differences in the 
Human part of the pick time (not the joint human–robot pick time, which may include some 
waiting of the human for the robot or vice versa), as induced by differences in the setup. To find 
differences in human pick time not induced by the setup itself, but by how humans respond to 
it, it is therefore interesting to look at settings which are completely identical between the two 
conditions. These can be found when multiple items need to be picked from one location 
(Cluster III), as there is no robot-induced waiting here.

Collaborative accuracy was operationalized in terms of inaccuracy by counting the number 
of mistakes made during the 20-min run, including both location errors (wrong item picked) 
and quantity errors (wrong number of units of correct product picked).
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4.5 Operationalization of independent and control variables
Our core independent variable, the human leading vs. human following manipulation, was 
introduced as a dummy variable with the “human following” condition as the reference level. 
Our moderator, prevention focus, was measured using a six-item structure (Table 1) from the 
Regulatory Focus at Work scale proposed by Wallace and Chen (2006). This well-established 
scale holds its internal consistency and validity in various contexts, including warehouses (De 
Vries et al., 2016a, c). Additionally, to account for individual differences, we measured each 
participant’s initial performance during the introductory manual pick run. As the participants 
developed an unimpeded natural pace during this run, the number of correct order lines picked 
reflects their natural performance level in order picking operationalized as a base level of 
performance. This baseline was used to account for inter-individual variance across the HRC 
conditions.

Finally, we collected demographic data, including age, sex, education level and order 
picking experience of the participants. Only the order picking experience was included in the 
final reported models due to limited variance across subjects in age and education levels and 
the absence of a significant relationship found for sex.

5. Results
5.1 Descriptive statistics
We first establish an overview of all monitored variables by analyzing the descriptive statistics. 
Table 2 presents means, standard deviations and bivariate Pearson correlations of relevant 
subject-level variables that are used in the final models. Prevention focus (α ¼ 0:80Þ is more

Table 1. Regulatory focus at work items measuring prevention focus (Wallace and Chen, 2006; 5-point 
Likert scale)

Please indicate how often you think of the following issues while working

1 Following rules and regulations 
2 Completing work tasks correctly 
3 Doing my duty at work
4 My work responsibilities 
5 Fulfilling my work obligations 
6 On the details of my work

Table 2. Descriptive statistics and bivariate Pearson correlations for relevant subject-level variables

Variables Mean Sd 1 2 3 4 5 6

Independent
1 Order picking experience (m) 2.12 5.40
2 Prevention focus 4.24 0.48 0.04

Dependent: Human leading
3 Collaborative productivity (correct order lines/20 min) 67.90 5.51 �0.13 0.04
4 Inaccuracy (errors/20 min) 0.88 1.03 �0.24 0.04 �0.21
5 Average human pick time (sec) 3.18 0.80 0.07 �0.10

Dependent: Human following
6 Collaborative productivity (correct order lines/20 min) 62.85 5.20 �0.06 0.20
7 Inaccuracy (errors/20 min) 0.70 1.00 �0.05 �0.13 �0.46
8 Average human pick time (sec) 3.41 1.18 0.13 �0.22
Note(s): N 5 60. italic values indicate a significant relationship, p < 0.05
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strongly correlated with collaborative productivity in the human following scenario than in the 
human leading scenario.

5.2 Human–robot collaborative order picking productivity
To predict overall human–robot collaborative productivity, we fit linear mixed-effects models 
using the package “lme4” (Bates et al., 2007) in R version 4.0.3 (R Core Team, 2020). We 
control for the order picking experience and base performance of the pickers to explain part of 
the variance in the dependent variables. Base performance is modeled as an ordinal variable 
{low, medium, high}, calculated by ranking the pickers according to their total productivity in 
the initial manual round and by splitting them into three equal groups. This transformation 
allowed for consistent application across all models, reducing degrees of freedom and ensuring 
model convergence. Furthermore, we control for the specific order set used in each pick round 
to capture any differences in performance due to the different pick lists. Given the nested 
nature of the data at the picker level across the two scenarios (human leading the robot vs 
human following the robot), we introduce a random intercept to account for subject-level 
variation. Scenario conditions are introduced as a binary variable, with a value “1” for the 
human leading the robot and a value “0” for the human following the robot. To address 
potential spill-over effects of learning or fatigue, we additionally control for the sequence of 
the scenarios.

We first test the objective differences between scenarios (scenario models), before 
introducing behavioral components in subsequent steps. Picker prevention focus is tested both 
as a standalone variable (behavioral models) and in interaction with the scenario (interaction 
models). Model improvements were assessed using ANOVA tests (West et al., 2014), with 
statistically significant model improvements indicated on the respective tables with the 
estimation criterion in bold type. The final reported models are fitted using the restricted 
maximum likelihood ratio parameter estimation criterion, which reduces bias in variance 
components compared to maximum likelihood ratio tests (Wu et al., 2017).

Table 3 presents the results of the linear mixed-effects models predicting total human–robot 
order picking collaborative productivity. M1a indicates that human leading the robot 
positively predicts collaborative productivity, supporting Hypothesis H1a. However, we find 
no sufficient evidence in support of H1b nor H1c, as M1b and M1c show no significant 
improvement on M1a. We additionally used the “Emmeans” package (Lenth, 2018) in R 
version 4.0.3 (R Core Team, 2020) to conduct an estimated marginal means analysis on M1a, 
which revealed a þ8.3% average productivity advantage of human leading compared to 
human following scenarios (66.2 vs 61.1 picks, using average levels of all control variables). 
The importance of the behavioral component is evident due to the significant main effects of 
prevention focus (p < 0.05) when introducing interaction effects of prevention focus and 
scenario (p 5 0.14) under M1c. As the aggregate data are bound by the performance of the 
robot and do not allow for large variance in performance among participants, we further 
investigate the behavioral aspect of HRC on the more refined level of analysis with data on 
human pick time in Section 4.3. In addition, we find that base performance in manual order 
picking is transferable to human–robot collaborative order picking, positively predicts 
collaborative productivity, as the more competent participants continue to outperform the less 
competent ones even after the robot introduction. The sequence of the scenarios is not 
statistically significant; therefore, there is no evidence of a spill-over effect between order 
picking cycles. The different order sets appear to influence collaborative productivity. To 
investigate the underlying reason, we performed a post-hoc analysis on the dispersion of 
products requested. Both the mean nodes-to-visit per order for each order set and the units-to-
pick per order line are similar in most order sets. We, therefore, attribute any differences across 
order sets to differences in the physical characteristics of the requested products (e.g. more 
complicated products, stacked products).
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5.3 Human pick time
To analyze the human engagement and intention for productivity, we extracted the human pick 
times from 7,494 individual picks (mean 5 124.9 picks/subject) using robot navigation and 
interface logs. Pick time was calculated by subtracting travel time from the total order pick 
cycle time. This number includes instances of moving from a previous product location to the 
current location and therefore excludes the first pick of every order, which might include 
additional setup time-costs or time-savings by preprocessing information before initiating the 
order picking cycle. Furthermore, we exclude erroneous entries due to network disconnections 
or other system malfunctions that happened at random times during the experiment 
(representing ∼3.7% of picks).

As explained in the methodology section, human pick time was split into three separate 
clusters. Across all three clusters, the human pick times were left-bounded by zero and 
positively skewed. To address this, we re-expressed the times using the x λ function, following 
the Tukey ladder of Powers (Tukey, 1977). We calculated the lambdas that maximize the 
Shapiro–Wilks W statistic for the distributions of each of the three clusters, using the package 
“rcompanion” (Mangiafico, 2020) in R version 4.0.3 (R Core Team, 2020). The calculated 
lambdas for the three clusters were positive {C-I: 0.325, C-II: 0.200, C-III: 0.675}.

To predict human pick time, we fit linear mixed-effects models on the merged timer data 
and survey data, using the package “lme4” (Bates et al., 2007) in R version 4.0.3 (R Core 
Team, 2020). The data are nested at both picker level and stopping node combination level, as 
pickers picked multiple times on multiple stopping node combinations (with different 
traveling times and characteristics that might influence human pick time as well). To address 
the cross-nested nature of our data (Bates et al., 2014), we introduce a random intercept to 
account for the variability of random subject and the effects of random stopping node 
combination. We also control for order picking experience and base performance to explain 
part of the variability in the dependent variables, as described in the previous models. 
Additionally, we control for progress in the pick round using the square root of the pick 
timestamp in seconds [0, 1,200]. We introduce this measure to capture a combination of effects

Table 3. Linear mixed-effects models predicting collaborative productivity in human–robot collaborative 
order picking

Dependent variable: Collaborative productivity (correct total order lines 
picked in 20 min)
Scenarios model
(M1a)

Behavioral model 
(M1b)

Interaction model 
(M1c)

Independent variable Estimate Std. error Estimate Std. error Estimate Std. error

Constant 60.213 1.048 54.201 4.199 50.895 4.763
Base performance: Medium 4.472 1.105 4.828 1.120 4.841 1.119
Base performance: High 7.935 1.085 8.052 1.077 8.066 1.076
Order picking experience �0.117 0.086 �0.126 0.085 �0.125 0.085
Order set #2 �2.301 0.668 �2.229 0.669 �2.080 0.671
Order set #3 �3.766 0.654 �3.660 0.657 �3.620 0.652
Scenario sequence 1.598 0.905 1.444 0.902 1.441 0.901
Scenario: Human leading 5.074 0.490 5.074 0.490 11.453 4.381
Prevention focus 1.388 0.939 2.150 1.073
(Scenario: Human leading) *
(Prevention focus)

�1.504 1.026

Restricted maximum likelihood 
criterion

634.0 630.2 622.8

Number of subjects 60 60 60
Number of rounds 120 120 120
Note(s): Italic type 5 significant at p < 0.05
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that might take place while progressing through the pick run, such as flow, learning and 
fatigue. The final models are fitted using the restricted maximum likelihood ratio parameter 
estimation criterion.

5.3.1 Human pick time: same aisle, different stopping node. Table 4 presents the results of
the linear mixed-effects model predicting human pick time for items located in the same aisle 
(C-I). The best fitting model (M2c,i) shows that the direct and interaction effect of prevention 
focus and scenario are statistically significant, providing support for Hypotheses 2a, 2b and 2c. 
As such, picker prevention focus moderates the effect of picker leading vs following the robot 
on picking productivity. A two-way interaction plot of the observed range of picker prevention 
focus predicting human pick time re-transformed to seconds (Figure 5), demonstrates that high 
prevention-focused individuals effectively bridge the productivity gap between the scenarios. 
Further marginal means analysis indicates an average productivity advantage of 40.1% 
(Δ 5 1.23, p < 0.05) for high prevention-focused pickers over low-prevention focus ones in the 
human following scenario (Figure 5). These results were calculated on average over all control 
variables using “Emmeans” (Lenth, 2018) in R version 4.0.3 (R Core Team, 2020). 
Additionally, results confirm that base performance and progress both predict shorter human 
pick times.

5.3.2 Human pick time: different aisle. Table 5 presents the results of the linear mixed-
effects model predicting human pick time for items located in different aisles (C-II). The best 
fitting model (M2b,ii) includes the main effects of human leading and prevention focus. 
Human leading and prevention focus are both beneficial for shorter human pick times, 
therefore supporting Hypotheses 2a and 2b. Interestingly, only high competence is transferable 
from manual picking to human–robot collaborative order picking, while prior order picking 
experience is detrimental to human pick times, though with a small effect size.

5.3.3 Human pick time: same stopping node. The models predicting human pick time at the
same stopping node (C-III) violated the assumption of homoscedasticity (Levene’s test) and

Table 4. Linear mixed-effects models predicting human pick time of products located in same aisle (different 
stopping node)

Dependent variable: Human pick time in same aisle (Tukey 
transformation, λ ¼ 0:325)
Scenarios model
(M2a,i)

Behavioral model
(M2b,i)

Interaction model 
(M2c,i)

Independent variable Estimate Std. error Estimate Std. error Estimate Std. error

Constant 1.497 0.049 1.806 0.152 1.976 0.170
Base performance: Medium �0.152 0.041 �0.170 0.040 �0.170 0.040
Base performance: High �0.269 0.040 �0.274 0.039 �0.274 0.039
Order picking experience 0.005 0.003 0.005 0.003 0.005 0.003
Scenario sequence �0.015 0.033 �0.007 0.032 �0.007 0.032
Progress (square root of pick
timestamp)

�0.006 0.001 �0.006 0.001 �0.006 0.001

Scenario: Human leading �0.084 0.017 �0.084 0.017 �0.409 0.145
Prevention focus �0.072 0.034 �0.112 0.038
(Scenario: Human leading) *
(Prevention focus)

0.076 0.034

Restricted maximum likelihood 
criterion

3161.6 3162.0 3161.9

Number of subjects 60 60 60
Number of stopping node
combinations

26 26 26

Number of picks 2,720 2,720 2,720
Note(s): Italic type 5 significant at p < 0.05
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were subsequently estimated using robust linear mixed-effects models (Table 6). The 
calculated robustness weights for the residuals and the random effects are numerous and, 
therefore, not possible to report in detail. We find that competence is transferable from manual 
picking to on-spot picking while collaborating with a robot. As with picks from different aisles 
(C-II), order picking experience is detrimental to human pick times. Progress is significant,

Figure 5. Two-way interaction plot between human leading vs human following scenarios and prevention 
focus, predicting human pick time on the same aisle, different stopping node. *significant difference in post-hoc 
test p < 0.05

Table 5. Linear mixed-effects models predicting human pick time of products located in different aisle

Dependent variable: Human pick time in different aisles (Tukey 
transformation, λ ¼ 0:200)
Scenarios model
(M2a,ii)

Behavioral model
(M2b,ii)

Interaction model 
(M2c,ii)

Independent variable Estimate Std. error Estimate Std. error Estimate Std. error

Constant 1.087 0.024 1.269 0.074 1.263 0.086
Base performance: Medium �0.029 0.020 �0.039 0.020 �0.039 0.020
Base performance: High �0.078 0.020 �0.081 0.019 �0.081 0.019
Order picking experience 0.004 0.002 0.004 0.001 0.004 0.001
Scenario sequence 0.017 0.016 0.022 0.016 0.022 0.016
Progress (square root of pick
timestamp)

0.000 0.001 0.000 0.001 0.000 0.001

Scenario: Human leading �0.042 0.010 �0.042 0.010 �0.030 0.086
Prevention focus �0.042 0.016 �0.041 0.019
(Scenario: Human leading) *
(Prevention focus)

�0.003 0.020

Restricted maximum likelihood 
criterion

1379.0 1378.8 1384.8

Number of subjects 60 60 60
Number of stopping node
combinations

46 46 46

Number of picks 3609 3609 3609
Note(s): Italic type 5 significant at p < 0.05
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supporting the notion that it captures the effects of learning and flow. Most importantly, we did 
not find a significant difference across different levels of prevention focus and between the 
human leading vs. human following conditions. This was to be expected, as there is limited 
room for leadership dynamics to make a difference when both the robot and picker are 
stationary while picking.

5.4 Human–robot collaborative order picking accuracy
To assess the accuracy in HRC order picking, we use the number of errors made per 20 min 
interval (including incorrect item selection and incorrect quantity picked). Given the count-
based, heavily skewed (high probability of a low number of errors) nature of the data, we 
choose a negative binomial distribution to describe them as the aggregation of randomly 
occurring events. We deploy the same control variables as used in the models predicting 
collaborative productivity, but add the number of correct lines picked per 20 min to account for 
additional error opportunities due to larger pick volume. We fit the models using an extended 
generalized linear mixed-effects model builder (Skaug et al., 2014) in R version 4.0.3 (R Core 
Team, 2020).

Table 7 shows the results of the negative binomial mixed-effects models predicting human– 
robot collaborative order picking inaccuracy. The best-fitting model (M3a) shows that human 
leading positively predicts committing errors (inaccuracy), or, the inverse, that the human 
following positively predicts accuracy, therefore supporting Hypothesis 3a. Post-hoc analysis 
(Post-hoc 1: reevaluating the model with outcome variables: 1. Errors in quantity, 2. Errors of 
product type) suggests that the additional errors committed when humans lead the robots are 
wrong quantity picks. Neither the main effects (M3b) nor the interaction effects (M3c) of 
prevention focus are significant. Therefore, Hypotheses 3b and 3c are not supported by 
evidence in the data.

5.5 Quantification of practical impact
To quantify real-word impact, we assume that the typical order picker works for six net hours 
per day. We further assume that the pickers have immediate access to a new unoccupied robot

Table 6. Robust linear mixed-effects models predicting human pick time of products located at the same 
stopping node

Dependent variable: Human pick time at same stopping node (Tukey 
transformation, λ ¼ 0:675)
Scenarios model
(M2a,iii)

Behavioral model
(M2b,iii)

Interaction model 
(M2c,iii)

Independent variable Estimate Std. error Estimate Std. error Estimate Std. error

Constant 4.513 0.339 5.098 0.593 5.523 0.710
Base performance: Medium �0.641 0.140 �0.674 0.138 �0.672 0.138
Base performance: High �0.938 0.136 �0.949 0.132 �0.951 0.132
Order picking experience 0.021 0.011 0.022 0.011 0.023 0.011
Scenario sequence �0.118 0.113 �0.105 0.110 �0.105 0.110
Progress (square root of pick
timestamp)

�0.040 0.005 �0.040 0.005 �0.040 0.005

Scenario: Human leading �0.066 0.085 �0.070 0.085 �0.877 0.745
Prevention focus �0.137 0.114 �0.237 0.147
(Scenario: Human leading) *
(Prevention focus)

0.190 0.174

Number of subjects 60 60 60
Number of stopping nodes 10 10 10
Number of picks 1,165 1,165 1,165
Note(s): Italic type 5 significant at p < 0.05
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as soon as they complete their previous order. Therefore, we can directly transfer the numerical 
effect size estimations for order picking productivity, accuracy and intention for productivity, 
obtained from the estimated marginal means analysis (using the average levels of all control 
variables) and the interpretation of the results in Tables 3, 4 and 7. We calculate three 
quantifiable advantages:

(1) Overall productivity advantage of the human leading compared to human following 

setup amounts on average to an additional 8.3% or 
�

66:2 order lines 
20 min − 61:1 order lines

20 min

�

* 60 min 
20 min * 6 hours ¼ þ91:8 order lines per order picker per day (Table 3). This 

advantage translates to þ51 small orders per order picker per day or þ2.6 large orders 
per order picker per day.

(2) Time savings for high prevention-focused individuals can amount on average to 
40:1% * 15% * 60 min * 6 hours ¼ 21:7 minutes per day (Table 4). This assumes that 
15% of order picking time is real pick time (Tompkins et al., 2010) and can be 
attributed to shorter human pick time for products in the same aisle, compared to low 
prevention-focused pickers that would need 15% * 60 min * 6 hours ¼ 54 minutes per 
day for the same amount of picking in the human following setup.

(3) The average accuracy advantage of human following compared to human leading

setup amounts to an average of 
�

0:66 errors 
20 min

�

* 60 min 
20 min * 6 hours ¼ 11:88 fewer errors per

order picker per day (Table 7).

Table 7. Negative binomial mixed-effects models predicting inaccuracy in human–robot collaborative order 
picking

Dependent variable: Inaccuracy (total errors per 20 min) 
Scenarios model
(M3a)

Behavioral model
(M3b)

Interaction model
(M3c)

Independent variable Estimate Std. error Estimate Std. error Estimate Std. error

Constant 4.088 1.714 4.206 1.901 5.161 2.112
Base performance: Medium �0.386 0.331 �0.403 0.352 �0.414 0.353
Base performance: High 0.316 0.362 0.303 0.372 0.283 0.373
Order picking experience �0.050 0.036 �0.050 0.036 �0.053 0.036
Order set #2 0.210 0.311 0.210 0.311 0.182 0.314
Order set #3 0.540 0.300 0.537 0.301 0.549 0.301
Scenario sequence �0.289 0.249 �0.288 0.249 �0.287 0.249
Correct total order lines picked in
20 min

�0.075 0.029 �0.074 0.029 �0.071 0.029

Scenario: Human leading 0.662 0.263 0.657 0.264 �1.341 1.960
Prevention focus �0.038 0.268 �0.305 0.374
(Scenario: Human leading) *
(Prevention focus)

0.472 0.459

Log-likelihood �131.09 �131.08 �130.55
Number of subjects 60 60 60
Number of rounds 120 120 120
Note(s): Italic type 5 significant at p < 0.05
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6. Conclusion and discussion
This study advances the field of operations management by establishing that human leading 
HRC yields a higher order picking productivity (þ8.3% average productivity advantage) and 
human following HRC achieves greater order picking accuracy (�0.66 errors/20 min average 
accuracy advantage). Furthermore, we identify prevention focus as the key human 
characteristic that partially explains productivity variations among workers in HRC order 
picking, with high prevention-focused workers picking up to 40.1% faster than low 
prevention-focused individuals in the human following setup (as long as picks involve travel).

6.1 Theoretical implications
Our findings contribute to the interface between organizational behavior and operations 
management literature in various ways. Primarily, by empirically comparing human leading vs 
human following configurations, we demonstrate how perceived autonomy and task 
interdependence shape both productivity and accuracy. Drawing on SDT (Deci and Ryan, 
2012), the human leading setup affords workers high decision autonomy over routing and 
pacing, thereby satisfying the autonomy need and driving higher productivity. In contrast, the 
human following setup imposes structured guidance – consistent with competence support in 
SDT – which mitigates cognitive load at the pick location and thus enhances accuracy. This 
dual finding extends SDT by showing that autonomy support trades off against competence 
support in task performance and highlights the importance of designing collaborative systems 
that balance these psychological needs.

Additionally, by adapting Leader–Member Exchange (LMX) Theory to human–robot 
dyads, our results suggest that the quality of the leader–follower relationship (whether the 
human or the robot assumes the leader role directly) affects performance outcomes. When 
humans lead, autonomous motivation and high-quality exchange with the supportive robot 
yield greater throughput. When robots lead, clear and consistent signals function as high-
quality “LMX” feedback, reducing errors. Thus, we extend LMX Theory by suggesting that 
non-human agents can fulfill the role of leaders in operational tasks and that the directionality 
of leadership can fundamentally alter the balance between throughput and accuracy. Finally, 
although the prevention focus did not change aggregate productivity or accuracy, our detailed 
analyses reveal that it moderates the productivity gap in humans following these setups. High 
prevention-focused individuals engage in preparatory behaviors (processing pick information 
during travel) that offset the structural constraints of following the robot. This finding enriches 
Regulatory Focus Theory (Higgins, 1998) by demonstrating that task structure interacts with 
dispositional focus to shape state-dependent performance. It underscores that personality traits 
exert their strongest effects when behavioral demand (here, interdependence) creates 
opportunities for vigilance and error-avoidance strategies.

6.2 Practical implications for operations management
Our findings reveal potential trade-offs across different HRC setups, as well as potential 
strategies to overcome them. Because we use a stylized approach in introducing the leading/ 
following relationship, with the same robot in both setups, our findings are broadly applicable: 
whether companies are investigating new cobotics solutions, have existing installed setups or 
use different cobotic setups in different parts of the facility.

As such, for new collaborative robotics solutions, companies can deploy our findings to 
align setup selection with product characteristics. Specifically, warehouses that need 
maximum throughput and can justify the higher potential for errors in orders (e.g. spare 
parts, low-cost products) may benefit from the productivity superiority of a human leading 
setup. Conversely, if higher accuracy is needed (e.g. medicine, high-value products), investing 
in a human following setup may be preferable for reducing the risk of errors, even at the 
expense of higher throughput. Also, companies that face substantial costs of pick errors due to
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increased rework or customer returns (Berger and Ludwig, 2007; Grosse et al., 2013) may 
especially benefit from a human following setup.

Similarly, in existing human leading collaborative configurations, companies may reduce 
the higher potential for errors by introducing quantity reminders or by delaying the sharing of 
quantity information until the picker reaches the pick location. Furthermore, in human 
following collaborative settings, leveraging the picker’s prevention focus can diminish the 
potential productivity disadvantage. Companies may train workers to develop a higher 
prevention focus, which can lead to positive effects and better productivity. Alternatively, 
companies may even evoke picker prevention focus by framing the order picking as a risk-
avoidance task to insure against potential productivity loss (Crowe and Higgins, 1997).

6.3 Strengths, limitations and future research directions
Our study’s strength lies in two main pillars. First, we conducted a real-effort experiment in a 
realistic warehouse laboratory environment, using physical robots, a large representative 
research sample and conditions and reward systems that are reflective of common business 
practices. This allowed us to draw conclusions with academic rigor, yet directly transferable to 
practice. We offer a valuable addition to previous literature, which mainly relied on simulated 
studies, often based on non-empirically validated assumptions. Second, we employed a 
within-subjects design and objective performance data from two sources (aggregate quality 
control, detailed robot logs), allowing for both macroscopic and microscopic analysis of 
performance outcomes and worker behavior. Obviously, a lab experiment also has some 
limitations.

One limitation is the short duration of our experiment. While we did not find evidence to 
expect that a longer experimental run would result in different conclusions, a field study would 
be needed to see if our findings would hold in the longer run. Another limitation of the study is 
that our sample only included medium to high prevention-focused individuals (ranging from 3 
to 5 on a 1–5 scale). As warehouse employees (and even trainees) are trained to have a higher 
base level of prevention focus to comply with rules and regulations, this might not be just a 
feature of our sample but a characteristic of the population. One may consider that workers 
would not even be employed for long if they were truly aloof and did not have a medium level 
of prevention focus. Another limitation may be the use of low acceleration for the robots due to 
safety considerations during the experiment, and the use of predefined movements for the 
robots (which were necessary to ensure comparability between scenarios). In practice, 
autonomous robots recognize errors and opportunities for optimization and vary their 
movement, which may subsequently influence the behavior of humans in ways that differ from 
the ones studied here. Replication field studies in real warehouses may alleviate these 
concerns. Furthermore, the intertwined nature of framing and spatial positioning in our design 
means we cannot empirically distinguish which component drives the observed effects. Both 
elements likely contribute to the outcomes we observed: the verbal framing may influence 
participants’ psychological perception of their role and autonomy, while the spatial positioning 
creates actual behavioral constraints or freedoms that affect performance. Future research 
could benefit from factorial designs that systematically vary framing (e.g. “you are leading” 
vs. “you are following”) and spatial positioning (human physically leads vs. follows) 
independently to isolate their respective contributions to human–robot collaborative
performance.

Inevitably, when robots become truly self-sufficient, better and cheaper than humans at
most activities, human labor in order picking may become increasingly redundant. Depending
on how radically this substitution effect materializes, it has the potential to disrupt and
revolutionize the production and operations ecosystem, leading to generalized layoffs with
major socioeconomic consequences. This, however, is a limited perspective. The socially
responsible alternative for an Industry 5.0 dictates the need for research that reevaluates the
threat of job replacement and focuses on solutions that foster harmonious human–machine
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coexistence. Therefore, instead of seeking human replacement or crunching humans in robot-
paced systems, the path for a sustainable future may lie in the synergistic performance of HRC.
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