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1 Introduction

This doctoral thesis develops new perspectives for the warehouse of the
future. It presents a research agenda and theoretical foundation for the
optimization of human-machine interactions, introduces a goal-setting in-
tervention for a semi-automated pick-to-light human-machine interaction,
and finally develops a mathematical optimization model for the selection of

the most suitable order picking solution (OPS).

In this first chapter, warehousing and its role in modern supply chains is
explained (Section 1.1). Given the transformational character of automation
and resulting human-machine interactions for warehousing, these topics are

introduced in 1.2.

The remainder is organized as follows. Chapter 2 gives an overview on
the three contributions (articles) that compose the main body of this
dissertation. In this way, involved authors and status of publication are
provided, while the purpose, methodology and findings of the contributions
are summarized. Chapter 3 to Chapter 5 each contain one of the three
articles. Finally, Chapter 6 synthesizes the findings and outlines areas of

future research.



Introduction Fabian Lorson

1.1 The role of warehousing in modern supply
chains

Warehousing is the intermediate storage of physical goods between different
stages of a supply chain. The basic functions of a warehouse are receiving
and inspection, put away, order picking, packing, and shipping (De Koster
et al., 2007). Bartholdi III and Hackman (2020) specify two main purposes
of warehouses. First, they are crucial to satisfy customer demand by having
supply on stock. Second, warehouses are required to consolidate products
for cheaper transportation costs and higher customer service levels. In this
way, warehouses form a critical part of a firm’s logistic setup (De Koster
et al., 2007), being responsible for more than 20% of total logistics cost
(Rodrigue, 2020). Warehousing thus constitutes a critical research field
within operations management (see Azadeh et al. (2019); Boysen et al.
(2019, 2021); Fragapane et al. (2021); Jaghbeer et al. (2020); Vanheusden

et al. (2022) for recent overviews).

In the last years, warehousing has experienced a substantial transformation
from a cost center to a central component in the value proposition of firms.
Not only the ever increasing volumes of e-commerce orders has put the
efficient orchestration of warehousing operations at the focus of operations
managers (Schiffer et al., 2022). Additionally, growing customer demands
and delivery expectations are fueling the necessity to push products faster
and cheaper through warehouses and supply chains. Hence, they gained
a pivotal role to ensure an efficient and effective material flow, especially
to create resilient supply chains when facing volatile markets or increasing
customer expectations on product range, availability and lead times. To
establish efficient warehousing operations, managers recently implemented
a large variety of semi- and fully automated warehousing systems, often
resulting in novel human-machine interactions (see, for example, Fottner
et al. (2021)). We focus on these two topics due to their transformational

character for warehousing operations in the following.
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1.2 Automation, robotics, and
human-machine interactions

Expanding automation and robotization has been the focal point of oper-
ations in the recent years (IFR, 2020). Enabled by advances in Internet
of Things devices and artificial intelligence, coupled with the advent of
new system providers and decreased price points, one surging change in
operations evolved to be in the arena of warehousing. In fact, the size of
the warehouse automation industry has been increasing by 12% annually
between 2014 and 2019 (Statista, 2020; The Logistics iQ, 2020). This
market growth goes along with an increasing number of automated and
robotized warehousing solutions, especially for order picking. A search on
an independent comparison platform delivers more than 200 results for
warehousing robots from more than 80 different solution providers (Lots
of Bots, 2022). But this may only be the beginning: Huge sums of ven-
ture capital investments span over the last years and continue to rise in
an unprecedented magnitude and speed (see, for example, Forbes (2021);
TechCrunch (2021).) It comes thus at no surprise that the global size of the
warehouse automation market is expected to reach USD 41 billion within
six years, with an average annual increase of 14% from 2022 to 2027 (The
Logistics 1Q, 2022). Automated warehousing systems are gaining this large
momentum because they enable faster throughput times, reduced cost,
higher pick quality, more efficient space utilization, improved ergonomics,
and lower dependence on human workers to cope with the ongoing labor
shortage (Azadeh et al., 2019; McKinsey & Company, 2021a; Pazour et al.,
2014). Innovations in warehouse automation thus play a crucial part in

delivering products efficiently and effectively throughout supply chains.

Despite these technological developments, human operators will still be
necessary to fulfill operational activities. Humans have distinctive character-
istics, skills and capabilities that robots are not able to replicate or perform
cost efficiently. For instance, they excel in flexibility when swift reactions

are needed to volatility of the picking workload (e.g., during high-peak sales
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seasons). As automated picking solutions are generally linked to a specific
capacity, human operators compensate for these fluctuations and persist
to play a decisive role in aligning supply and demand. They are also able
to handle a larger product variety along different criteria such as product
dimensions, weight, special handling requirements (for fragile products for
instance) or packaging types (Gutelius and Theodore, 2019). Automated
and robotized systems are typically fixed for certain product specifications,
while humans continue to complement or even outperform those in dynamic
circumstances with changing specifications (Sgarbossa et al., 2020). Thus,
manual workforces and machines will be working alongside each other in the
warehouse of the future (Olsen and Tomlin, 2020), leading to the necessity

to optimize collaborations among humans and machines.

In this dissertation, these resulting human-machine interactions and the
large variety of order picking solutions are addressed (see Figure 1.1). Specif-
ically, Chapter 3 (Article 1) develops a research agenda for human-machine
interactions in warehousing including behavioral issues, theoretical foun-
dations and unifying themes. This is the first necessary step to generate
a holistic and accurate understanding of this nascent, yet emerging area.
The formulation of research questions as well as the development of theo-
retical foundations and unifying themes is imperative to guide the way for
future research. By doing so, incorporating behavioral issues into future
optimization approaches for human-machine interactions is required to
account for the human factor and to ultimately establish efficient operating
policies. One of those issues, that is mental impoverishment and stagnating
system performance, is tackled utilizing an intervention-based research
(IBR) approach in Chapter 4 (Article 2). Solving this issue is particu-
larly important as maximizing performance for repetitive and monotonous
operational activities plays a major role in many organizations’ success
(Bernstein, 2012; KC, 2020; Staats and Gino, 2012). Especially in emerging
human-machine interactions for warehousing tasks, human workers often
perform such repetitive assignments (e.g., physical retrieving of items or
erecting and folding cartons (Bai et al., 2021; Sun et al., 2021; Wang et al.,

2021)). Hence, it is crucial to maximize both human factors and system per-



Introduction Fabian Lorson

formance. Finally, a novel mathematical optimization model is introduced
and formalized for the strategic OPS selection and assignment problem
(Chapter 5, Article 3). This decision support is imperative for warehouse
planners, as no suitable model exists that addresses recent development
and challenges such as the skyrocketing number of novel OPSs, the ongoing
labor shortage, the enlarging product diversity or the increasing importance
of space utilization. Thus, Chapter 5 contributes scholars and practition-
ers alike, particularly by deriving the conceptual background to establish
necessary decision variables and constraints, conducting a case study to
prove a large cost saving potential, and applying numerical experiments to

generate managerial insights.

Transformational trend across warehouse operations:
Development and implementation of automated and robotized warehousing systems

N —
— —
_— —
— —
_

Resulting human-machine inter%?tions Large variety of order pickini}?olutions

Contribution 1 Developing a research agenda for human- Contribution 3 Introducing and formalizing a mathematical
machine interactions in warehousing optimization model for the strategic selection
including behavioral issues, theoretical and assignment problem for order picking
foundations and unifying themes solutions

New team mates in the warehouse: Finding the right one: Decision support for selecting cost-efficient

Human interactions with automated and robotized systems order picking solutions

Contribution 2 Tackling one of the identified issues at picking
workstations (i.e., mental impoverishment
and stagnating picking performance) using
intervention-based research

It's in your hands:

Elevating performance with goal-setting at the cost of social

discord in an intervention-based human-machine interaction study

Figure 1.1: Relationship of the three articles

Given the complexity of warehousing and the underlying decision problems,
research in this thesis is not limited to one specific research methodology.
Instead, a variety of approaches (such as qualitative interviews, litera-
ture review, conceptual theory building, mathematical optimization or
intervention-based research) are applied to develop a holistic understand-

ing.
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2 Contributions

This chapter introduces the three articles (Chapter 3 to Chapter 5) that
compose the main body of the doctoral thesis. For each of the articles, it
gives an overview on the purpose, methodology and findings. Additionally,
Table 2.1 lists the co-authors and states the current status of publication,
while Table 2.2 provides the co-author roles along the contributor roles

taxonomy provided by Brand et al. (2015).

Article Co-authors Status

1

New team mates in the
warehouse: Human inter-
actions with automated
and robotized systems

Andreas Fiigener and
Alexander Hiibner

Accepted and published
online in IISE Transac-
tions (forthcoming)

2 It’s in your hands: Ele- Andreas Fiigener and In the process of submis-
vating performance at the Alexander Hiibner sion to Journal of Oper-
cost of social discord in an ations Management as of
intervention-based human- 09.08.2022
machine interaction study

3 Finding the right one: De- Fabian Schéifer and In the process of submis-

cision support for selecting
cost-efficient order picking
solutions

Alexander Hibner

sion to IISE Transactions
on 09.08.2022

Table 2.1: Status of publication
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Article & Author Contributor roles

1  Lorson, Fabian Conceptualization, Methodology, Validation, In-
vestigation, Data Curation, Writing - Original
Draft, Writing - Review & Editing, Visualization,
Project administration

Fiigener, Andreas Conceptualization, Methodology, Validation,
Writing - Review & Editing

Hiibner, Alexander Conceptualization, Methodology, Validation,
Writing - Review & Editing, Supervision

2 Lorson, Fabian Conceptualization, Methodology, Validation, For-
mal analysis, Investigation, Data Curation, Writ-
ing - Original Draft, Writing - Review & Editing,
Visualization, Project administration

Fiigener, Andreas Conceptualization, Methodology, Validation, For-
mal analysis, Writing - Review & Editing, Super-
vision

Hiibner, Alexander Conceptualization, Methodology, Validation,
Writing - Review & Editing, Supervision, Partner
acquisition

3 Schéfer, Fabian Methodology, Software, Validation, Formal anal-
ysis, Investigation, Resources, Data Curation,
Writing - Original Draft, Writing - Review &
Editing

Lorson, Fabian Conceptualization, Methodology, Formal analy-
sis, Investigation, Writing - Original Draft, Writ-
ing - Review & Editing, Visualization, Project
administration

Hiibner, Alexander Writing - Review & Editing, Visualization, Su-
pervision

Table 2.2: Co-authors roles along the taxonomy of Brand et al. (2015)

Remark The versions of Chapter 3 to Chapter 5 may differ slightly from
the versions that were published or submitted to the respective journals.
This is due to journal-specific guidelines such as formatting or spelling as
well as changes that may be undertaken in the course of the peer review

process. Yet, relevance and contributions remain unchanged.
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2.1 New team mates in the warehouse:
Human interactions with automated and
robotized warehousing systems

Purpose Research on human-machine interactions in warehousing, and
specifically the role of human behavior in operational activities, is a nascent
area with a small, yet growing, body of literature. Hence, the goal of this
article is to first establish a systematic framework to analyze and discuss
identified behavioral issues in human-machine interactions. To account for
the novelty of the topic, a research agenda including theoretical foundations

and unifying themes is developed to guide future research.

Methodology To generate a holistic and comprehensive understanding
of a novel research field, the triangulation of multiple methods (see Figure
2.1) is imperative. A conceptual foundation is first developed to denote
the relationship among important building blocks of human-machine in-
teractions. Expert interviews are conducted to identify the most relevant
human-machine interactions and associated behavioral issues. A systematic

literature review finally links existing work with the identified issues.

Conceptual foundation — Expert interviews — Literature review ’
lishing important its to i ifying the most si Mapping existing state-of-the art

analyze interactions and issues interactions and issues research to issues

riangulation /

\ .
approach for
issue identification

\/

Figure 2.1: Research methodology of Contribution 1

Findings We establish a systematic framework to describe, identify, char-
acterize and derive consequences for human-machine interactions. This
framework is used to discuss seven identified behavioral issues with 18

associated research questions across all operational warehousing activities.
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In this way, theoretical and managerial insights involving human factors and
behavior (e.g., mental workload or satisfaction) are provided for the specific
issues. Finally, four unifying themes were derived including theoretical
foundations. These themes (such as assigning tasks and developing oper-
ating policies among humans and machines, or designing engaging direct
interactions) each illustrate a common behavioral aspect across identified
issues. The theoretical foundations underpin those themes with prevalent
behavioral theories (e.g., goal-setting theory or peer effects) to highlight
causalities among the various interconnections (such as human factors and

interaction setup component). Figure 2.2 gives an overview.

(i) Description (iii) Characterization (iv) Consequences
of interaction of issue of issue
[ Involved automated and Physical Human Factors System
robotized systems and Parameters Performance
Operational warehouse
activities Perceptual  Physical Efficiency
Receiving & (Consolidation) & QD)
Inspection Packing Mental
- Partl
Storage Shipping Human mf,ue,,cm; ' Servi§:e Level
(ii) g:::‘ﬂeuﬂon , || Factors Psychosocial Human . (Quality / Accuracy)
Order Picking and N Factors and Behavior
Behavior || (0 exhaustive)
Interaction - Sa'ey
setup Motivation Acceptance (Accidents)
g q Mental Situational
Collaboration Cooperation Workload PUETEEES T —
Job (Retention /
Coexistence : Sick Leave)
Satisfaction

Systematic framework for issue discussion

!

Operational warehouse activities

Interaction setup 4.1 Receiving & Inspection ‘ ‘ 4.2 Storing ‘ ‘ 4.3 Order Picking ‘ l 4.4 (Consolidation) & Packing
T [2] Filling shelves with [5] Overcoming mental [7] Solving the questof
autonomous mobile reality for
space, time, aim, robots physical overload packing
contact atadvanced workstations
Cooperation [1] Controliing quality [4] Distributing work in [6] Forming dyads with
using human-machine human-re ickil b isted packing
space, time, complementaries teams with substitutable machines
aim tasks
[3] Building teamsin
Coexistence human-robot picking
space, time setups
Ireracrion setp Space, Time [+ Aim © Contact
Theoretical | Cognitive psychology and Social psychology and ‘Social psychology and (task) interdependence: Social psychology and physical environment:
foundations | individual differences: group dynamics: 'social comparison and preferences, autonomy, and engagement, workload and situational awareness
Ppersonality traits, trust, acceptance, and peer information processing
preferences, and skills effects
unitying | @y Hiring and training the @) Forming effective (@ Assigning tasks and developing operating policies | @) Designing engaging direct human-machine
themes. right human employees human-machine among humans and machines interactions
for the right human- ‘warehousing teams
machine interaction

Coexistence ]
Cooperation

cted |
interaction

setup |

[

Four unifying themes including theory foundations

Figure 2.2: Poster summary of findings for Contribution 1

10
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2.2 It’s in your hands: Elevating performance
with goals at the cost of social discord in
an intervention-based human-machine
interaction study

Purpose Low satisfaction, self-determination, and perceived fairness
(which we call mental impoverishment) paired with stagnating worker per-
formance constitutes a common problem in human-machine interactions for
repetitive operational warehouse activities. To tackle this behavioral issue,
a goal-setting intervention is introduced which lets the human picker choose
out of five different goals (pick amounts) at each workstation. The purpose
is to enhance above-mentioned human factors and system performance

based on goal-setting mechanisms and theory.

Methodology An IBR approach is utilized to ensure a practice-driven
methodology that impacts such a real-world operation policy. By performing
a study in the field, a unique opportunity to increase relevance for operations
management research is created. To explain findings, IBR approaches often
rely on abductive reasoning to iterate between theory and evidence. In this
way, plausible explanations about how and why the intervention affected

human behavior can be derived.

Findings We find 5.6% performance improvement of worker productivity
compared to historical data and a control warchouse (see Figure 2.3). This
can be explained by triggered goal-setting mechanisms (such as the higher
effort with which workers were engaged in the order picking task) and demon-
strates the power of goal-setting theory even in highly physical, operational
activities without any kind of monetary incentives. However, scores of
worker satisfaction, self-determination, and perceived fairness deteriorated

during the intervention. By triangulating surveys, focus interviews, and
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discussions, we establish the suspension of informal agreements due to the
goal-setting intervention as the main reason. Specifically, we find that the
goal-setting intervention diminished possibilities for humans to informally
organize themselves in their working day, with negative repercussions on
the analyzed human factors. Our assessment of both system performance
and human factors shows the necessity to account for behavioral aspects

when designing human-machine interactions.

Mental
impoverishment
and stagnating
performance in a
semi-automated
human-machine
interaction for
order picking

Benutzername Application of goal'
Passwort setting intervention to
Gewiinschte Pickanzahl auswahlen: trigger mechanisms for
55 ‘ 35 45 ‘ 65 105‘ better satisfaction and
performance

'

,,,,,,,,, —— Control warehouse — Study warehouse O Provntervention < During ntervention Satisfaction

1 am generally satisfied with my job.

6 7 8 s 10 mn 1| s s 1 8 9 10 11 12 Calendar Pre-intervention Intervention
ook (Calendar week 3) (¢ Calendar weeks 5-9)

Higher performance and lower satisfaction due to the
suspension of informal agreements

Figure 2.3: Poster summary of findings for Contribution 2

12
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2.3 Finding the right one: Decision support
for selecting cost-efficient order picking
solutions

Purpose Warehouse managers have to select the most suitable OPSs
based out of large variety of potential technologies. To facilitate this
decision-making process, a cost-minimizing model that simultaneously
selects suitable OPSs and assigns them to available spaces and products is
developed. The model is aimed to provide warehouse managers a viable
framework for the OPS selection problem, while ensuring all decision-

relevant factors and constraints are considered.

Methodology To first account for the novelty of the problem, the concep-
tual background including decision-relevant costs and constraints is derived
by conducting expert interviews and reviewing related literature. The
decision problem is then formalized as a mixed-integer program (MIP). By
leveraging proprietary data from a business partner, the model selects the
most suitable OPSs to minimize total cost while assigning OPS to spaces
and products, and adhering to crucial constraints. Numerical experiments

are conducted to further produce theoretical and managerial insights.

Findings Decision-relevant cost (e.g., setup, module, labor and error
costs) as well as managerial relevant constraints (such as accounting for
individual product properties) are first established to conceptualize the
innovative OPS selection and assignment problem. The developed mixed-
integer cost minimization model solves the problem efficiently, even with
varying problem sizes. Utilizing data from a case study retrieved through an
industry partner evidences substantial savings potential (up to 57%) when
applying the optimal OPS mix of the decision model. In this case, for the

underlying set of products and warehouse specifications, the model selects
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45 shelve-moving robots (SMRs) and 4 human workers for manual picking
as the most suitable OPS. Figure 2.4 provides an overview. Additionally,
numerical experiments based on the case study highlight the robustness of
the solution and the need to retain human operators until full automation

is possible on a large and cost-efficient scale.
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Figure 2.4: Poster summary of findings for Contribution 3
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Abstract Despite all the technological progress in the arena of automated and
robotized systems, humans will continue to play a significant role in the warehouse
of the future due to their distinctive skills and economic advantages for certain
tasks. While industry and engineering mainly dealt with the design and function-
alities of automated warehouses, the role of human factors and behavior is still
underrepresented. Yet, many novel warehousing systems require human-machine
interactions, leading to a growing scientific and managerial necessity to consider
human factors and behavior, particularly for operational activities. This is the first
paper that comprehensively identifies and analyzes relevant behavioral issues of
interactions between warehouse operators and machines. To do so, we develop a
systematic framework that links human-machine interactions with behavioral issues
and implications on system performance across all operational warehouse activities.
Insights generated by interviews with warehousing experts are applied to identify
the most important issues. We develop a comprehensive research agenda, consisting
of a set of potential research questions associated to the identified behavioral issues.
The discussion is enriched by providing theoretical and managerial insights from
related domains and existing warehousing research. Ultimately, we consolidate our
findings by developing overarching theoretical foundations and deriving unifying themes.
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3.1 Introduction

Over decades, warehouse operations have traditionally relied on manual
processes, due to human operators being more efficient in many aspects such
as handling and picking a large variety of products. Enabled by advances in
Internet of Things devices and artificial intelligence coupled with the advent
of new system providers and more cost-efficient solutions, warehousing
has been revolutionized during the last decade: Human operators found
themselves next to new robotized and automated teammates (Olsen and
Tomlin, 2020). The size of the warehouse automation industry has been
growing by 12% annually between 2014 and 2019, and is predicted to double
its size from USD 15 billion to USD 30 billion in the next six years (IFR,
2020; Statista, 2020; The Logistics iQ, 2020). The resulting development,
and utilization of novel automated and robotized systems are boosting the
transformation of warehousing from a cost center to a central component
in the value proposition of firms. Automated warehousing systems help
in this process by enabling faster throughput times, higher service levels,
labor cost reductions, efficient space utilization, and improved ergonomics
for human workers (see, e.g., Azadeh et al. (2019); Lamballais et al. (2020);
Zaerpour et al. (2017)). For instance, Amazon is currently employing more
than 200,000 warehouse robots to accelerate its growth in online retail and
logistics, driven by faster picking times and lower operating costs (IHCI,
2020). There are many other examples including Hermes, a leading logistics
provider, who optimized its return handling processes by installing a new
automated inspection and handling system, increasing the capacity by 50%
(Logistics Manager, 2020). Innovations in warehouse automation thus play
a crucial part in delivering products efficiently and effectively throughout

supply chains.

Despite the growing and ubiquitous presence of automated and robotized
systems in warehouses, human operators will still be necessary to fulfill
operational activities. Tye Brady, the chief technologist of Amazon Robotics,

described this with the following words: “The efficiencies we gain from our
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associates and robotics working together harmoniously — what I like to call
a symphony of humans and machines working together — allows us to pass
along a lower cost to our customer” (IEEE, 2020). This statement is just
one of many anecdotes evidencing that manual workforces and machines
will be working alongside each other in the warehouse of the future (Olsen
and Tomlin, 2020). Humans have distinctive characteristics, skills and
capabilities that robots are not able to replicate or perform cost efficiently.
For instance, they excel in flexibility when swift reactions are needed to
volatility of the picking workload (e.g., during high-peak sales seasons).
As automated picking solutions are generally linked to a specific capacity,
human operators compensate for these fluctuations and persist to play a
decisive role in aligning supply and demand. They are also able to handle
a larger product variety along different criteria such as product dimensions,
weight, special handling requirements (for fragile products for instance) or
packaging types (Gutelius and Theodore, 2019). Automated and robotized
systems are typically fixed for certain product specifications, while humans
continue to complement or even outperform those in dynamic circumstances

with changing specifications (Sgarbossa et al., 2020).

Figure 3.1: Simultaneous picking with Figure 3.2: Picking at workstations
robots (Source: Magazino) (Source: Knapp)

As workers collaborate with automated and robotized systems on many tasks
across the main operational activities (i.e., receiving, storing, picking and
packing - see Fig. 3.1 and Fig. 3.2 for examples), new models, frameworks
and concepts are needed to efficiently manage human-machine interactions
(De Koster et al., 2020; Olsen and Tomlin, 2020). Such interactions at the
operational execution level are part of a socio-technical system with many

variables (Monostori et al., 2016; Yang et al., 2019), including human factors



Human interactions with automated and robotized warehousing systems Fabian Lorson

and behavior. These systems are usually developed considering the views of
engineers or programmers, while the perspectives of the actual blue-collar
workers in the loop and corresponding behavioral aspects are often neglected
(Moniz and Krings, 2016). However, actions and decisions of the operators
may deviate from engineers’ expectations and thus impact operations
management metrics in both positive and negative directions (Bendoly
et al., 2006; Boudreau et al., 2003; Croson et al., 2013; Papadopoulos et al.,
2019; Udenio et al., 2017). To establish efficient automated and robotized
warehousing systems, it is imperative to understand and account for human
factors of workers in operational activities (Donohue et al., 2020), and to
consider behavioral methodologies since they provide the opportunity to
solve emerging issues in human-machine interactions (Kumar et al., 2018).
Combining machine-centric operations management (OM), i.e., the design,
plan, control and management of systems and processes, with human-
centric behavioral science (BS), i.e., the exploration and integration of
human actions, factors and behavior, becomes indispensable to improve
decisions and capabilities in automated and robotized warehouses. Fig. 3.3
visualizes the blending of two required perspectives to efficiently manage

operational warehouse activities using human-machine interactions.

Operational warehouse activities

Human-centric
Behavioral Science:
Investigation of human
factors and behavior

Machine-centric
Operations Management:
Design of automated
and robotized systems

Human-machine interactions

Figure 3.3: Necessary blending of research streams to establish efficient interactions

However, the current literature on such interactions and their behavioral
implications on OM in warehousing is rather scarce. Four recent review
articles exist from the first literature stream on operational management

for automated and robotized warehousing systems (the left of Fig. 3.3):
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Azadeh et al. (2019) structure novel systems for storage and picking ac-
tivities along design and control of technologies, modeling techniques, and
research opportunities. Boysen et al. (2019) and Boysen et al. (2021) discuss
warehousing systems for their suitability to e-commerce and bricks-and-
mortar retailing, respectively. Fragapane et al. (2021) review pertinent
work on autonomous mobile intralogistic robots and provide guidance and
methods for their planning and control. Additional studies in this stream
focus on the development of mathematical operation models and decision
support for specific applications in automated storage and order picking
systems (see Tappia et al. (2019), Yuan et al. (2019), Lamballais et al.
(2020) or Xie et al. (2021) for examples). Azadeh et al. (2019) conclude
that further research should be conducted on novel warehousing systems to
cope with rapid developments of technologies and increased implementation
in practice. Most importantly, none of above-mentioned studies incorporate
human factors and behavior into their analysis, nor do these articles focus
on the specifics of interactions between operators and depicted systems.
Regarding the second stream and the behavioral perspective in warehouses
(the right of Fig. 3.3), human factors and behavioral issues for operational
activities are discussed by Grosse et al. (2015, 2017) in a content analysis
and literature review on human factors in manual order picking. Besides
that, only few selected use cases involving behavioral aspects in manual
order picking exist (see De Vries et al. (2016a,b), Matusiak et al. (2017),
Batt and Gallino (2019) or Glock et al. (2019) for examples). This means
that even for conventional warehouses, human factors have not even been
adequately addressed up to now. In this sense, it also remains unclear which
human-machine interactions and behavioral mechanisms are crucial in au-
tomated warehouses, although their analysis and optimization is important

to ensure efficient operations.

The controllable and structured environment in warehouses makes many
of them incubators for the development and application of automated and
robotized systems in supply chains (Azadeh et al., 2019; Fragapane et al.,
2021). Specific requirements for operational activities and the necessary

collaboration of operators with a growing diversity of machines expose
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warehousing as a unique research area at the intersection of OM and BS.
Despite several calls for research on behavioral implications of operational
human-machine interactions in warehousing (see e.g., Azadeh et al. (2019),
Boysen et al. (2019), or Jaghbeer et al. (2020)), the amount of existing
studies is very limited. Exploring a new research area at an intersection
of research domains requires developing a common understanding across
literature streams. This needs to be accomplished with a comprehensive
identification and ordering of the nascent topics before they can be ana-
lyzed in depth and in a structured manner. Naturally, such new areas are
insufficiently explored and require the formulation of research questions.
Hence, this is the first paper that comprehensively compiles a research
agenda for human-machine interactions in the warehouse including theoreti-
cal foundations and unifying themes. To ensure a structured approach that
connects all relevant dimensions and variables in this domain, we develop a
systematic framework. This forms the foundation to identify and analyze
the most relevant behavioral issues for these interactions (for the sake of
brevity we use the term “issue” in the following), including open research
questions. This is amended with theoretical and managerial insights from
related domains and existing warehousing research, serving as starting
points to improve operational decision-making for human interactions with
automated and robotized systems. Ultimately, we consolidate the findings
by providing theoretical foundations and unifying themes, guiding the way

for future research in human-machine interactions in the warehouse.

Our paper aims at helping OM, and in particular warehousing, researchers
to identify potential effects of human behavior. Furthermore, we want
to encourage scholars from the field of BS and human factors to consider
warehousing as an interesting area of application. When discussing issues in
detail, we first identify the issue and associated research questions, before
elaborating on the mechanism and consequences on system performance.
The latter provides in-depth insights for researchers planning to analyze
those or related issues. The overarching theoretical foundations and unifying
themes provide causal and salient relationships in warehousing interactions

as starting points for further studies.
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The remainder begins with Section 3.2, detailing the methodological ap-
proach. We build a systematic framework in Section 3.3 to analyze human-
machine interactions and behavioral issues in Section 3.4. The findings
are summarized by developing theoretical foundations and unifying themes
in Section 3.5. Section 3.6 concludes with managerial and theoretical
implications, and provides limitations as well as a brief outlook on our

study.

3.2 Research methodology

Research on human-machine interactions in warehousing, and specifically
the role of human behavior in operational activities, is a nascent area with a
small but growing body of literature. As we want to generate a holistic and
accurate understanding for this matter, we rely on multi-method approaches
which are imperative in such cases (see e.g., Boyer and Swink (2008); Flick
et al. (2004)). Further, Lewis-Beck et al. (2004, p. 1142) argue that using
methodological triangulation when probing issues “offers the prospect of
enhanced confidence” in the ensuing findings. Consequently, we triangulate
three research methods for issue identification (see Fig. 3.4). We first follow
well-established guidelines for emerging topics (Webster and Watson, 2002)
and start with the development of a conceptual foundation, which is based on
central theories in related fields of OM, BS and human-machine interaction.
This research step delivers the foundation for the systematic framework
in Section 3.3, which denotes the relationships among important building
blocks of human-machine interactions in warehousing. Secondly, we conduct
expert interviews with practitioners to identify the most important human-
machine interactions and associated behavioral issues as recommended
by Edmondson and Mcmanus (2007). These empirical findings build the
main source to derive seven categories (each category represents one issue).
Section 3.4 is then structured along the seven issues. A systematic literature
review is the last, pivotal step to deepen links among managerial issues
and existing work (DeHoratius and Rabinovich, 2011). We identify 13
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articles that are matched to the identified issues. Only the continuous and
comprehensive triangulation of these sources provides the opportunity to
structurally identify and analyze relevant issues, create a comprehensive
research agenda, and ultimately develop overarching theoretical foundations
and unifying themes. For details on the research approach please see the

Appendix.

Conceptual foundation — Expert interviews — Literature review
establishing important components to identifying the most significant Mapping existing state-of-the art
analyze interactions and issues interactions and issues research to issues

\ Triangulation /

approach for
issue identification

Figure 3.4: Overview of research methodology applied

3.3 Systematic framework to investigate
human-machine interactions in
warehouses

The systematic framework is designed to structure the investigation of
issues by providing a set of important components for human-machine
interactions in warehousing and its interconnections. It synthesizes seminal
literature and theories from machine-centric OM, human-centric BS, and
human-machine interactions outside the warehouse domain. As human-
machine interactions in warehousing constitutes a novel area, this exposure
to conceptual foundations is essential for comprehensive and structured
future research. As such, it constitutes the first contribution of our study
and is applied to our analysis at the same time. In this way, we ensure an
end-to-end perspective, create a suitable structure for the issue investigation,
and uncover open research. We identify important building blocks to discuss

behavioral issues which are summarized in Figure 3.5. For the (i) description
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of interaction, it is necessary to analyze involved automated and robotized
systems, operational warehouse activities and corresponding interaction
setups. Subsequently to the (ii) identification of issues mainly driven by
expert interviews, we follow with the (iii) characterization of those with
involved human factors and behavior. Finally, the interaction and associated

issue have (iv) consequences on system performance.

‘(i) Description ‘

of interaction of issue of issue

(iii) Characterization ‘

(iv) Consequences ‘

Involved automated and Physical Human Factors System
robotized systems and Parameters Performance
Operational warehouse .
activities Perceptual Physical i Efficiency
Receiving & (Consolidation) & (imeljCost)
Inspection Packing Mental
L Partly
Storage Shipping Human ,-nﬂ,,e,,c,ng o Service Level
Factors Psychosocial Human I | (QUELy (AEeTEe)
Order Picking ;’":‘ . Factors and Behavior
enavior (non-exhaustive)
Interaction _ Safety
setup Motivation Acceptance (Accidents)
. . Mental Situational
Collaboration Cooperation Workload — T MU
Job (Retention /
Coexistence Satisfaction Sick Leave)

Figure 3.5: Framework to investigate behavioral issues of human-machine interactions

(i) Description of interaction We regard interactions between at least
one human worker and one or multiple involved automated or robotized sys-
tems. Automated systems are defined as machines that carry out a function
by themselves that was previously performed by a human (Parasuraman
and Riley, 1997). Additionally, physical robots or robotic devices are able
to perform tasks with a certain degree of autonomy, and may be able to
move within a specific environment (ISO, 2012). Besides these robotized
systems, we also regard embedded artificial intelligence in machines as fit-
ting systems for our analysis (Glikson and Woolley, 2020). For an overview
we refer to Azadeh et al. (2019), Boysen et al. (2019, 2021) and Fragapane
et al. (2021) who cover many potential systems involved. As we deal with
human-machine interactions in operational warehouse activities for physical
flow, we exclude instances in which humans modify standard workflows
without any significant interaction with the machine (e.g., changing picking

route).
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The main blue-collar, operational warehouse activities are receiving and
inspection, storing, order picking, packing and shipping (De Koster et al.,
2007). Receiving and inspection includes the unloading of products from
the delivery vehicle, checking for any quantity or quality inconsistency,
and entering master data into the warehousing management system. Ad-
ditionally, it contains the handling of returns. Subsequently, incoming or
returned products are transferred from the unloading to designated put
away areas. This process may also include any re-packaging before storing
the goods. Once customer orders arrive, the process of order picking consists
of retrieving the right products from storage. This may include batching,
routing and sequencing. After goods have been retrieved, they are packed
(and potentially categorized) for delivery before being shipped to customers.
Note that in some cases it is necessary to consolidate orders before packing
(e.g., if batch picking is utilized). Packing activities cover boxing or pal-
letizing, packaging (e.g., to protect from transport damage), value-added
services (such as labelling, serialization, kitting), or a final quality check.
Ultimately, the products are loaded onto the means of transportation to
be shipped to the customers or the next step of the supply chain. Similar
to Gu et al. (2007b), shipping activities are included in our discussion on

receiving and inspection.

The interaction setup classifies interactions along proximity and dependency
(Schmidtler et al., 2015). In the least intense form, coexistence, the interac-
tion takes place in the same space and time. In cooperation setups, humans
and machines also work jointly on the same aim. Collaboration additionally
requires physical contact. To translate this for our purposes, we define the
space and time as the same warehouse zone and shift. The condition of the
same aim is fulfilled if humans and machines work on the same job (e.g.,
customer order). For physical contact, we consider actions that include

either direct physical contact (e.g., wearing a device) or handovers.

(if) Identification of issue We analyze the described interactions and

identify potential behavioral issues based on our expert interviews and
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theoretical BS foundations. We develop open research questions using the

following characterization and consequences of the framework elements.

(iii) Characterization of issue Human factors and behavior are the core
of the investigation of human-machine interactions. We base our analysis
on human factors theory (Sanders and McCormick, 1993; Karwowski, 2005;
Salvendy, 2012) and behavioral aspects (e.g., Gino and Pisano (2008)).
As a first step, a differentiation needs to be made between physical hu-
man factors and parameters and psychosocial human factors and behavior
(Karwowski, 2005). The former are clustered into perceptual, mental and
physical. Perceptual parameters include seeing, hearing or perceiving other
agents (i.e., humans or machines). Mental or cognitive parameters are
processes such as remembering, thinking, judging, decision-making or rea-
soning. Finally, physical parameters are connected to human movements or
activity, such as using body parts, operating, walking or carrying. These
physical human factors and parameters are determined by the interaction
among humans and machines. Additionally, they may impact and change
psychosocial factors and behavior (Karwowski, 2005). These include but
are not limited to motivation, acceptance, workload, stress, situational
awareness, job satisfaction, trust, reaction to incentives or fairness (see
Boudreau et al. (2003), Loch and Wu (2005), Gino and Pisano (2008), Glik-
son and Woolley (2020), or Parasuraman et al. (2008) for examples). The
degree and magnitude of these behavioral aspects may also be decisive for
resulting actions and decisions (including biases and heuristics, see Udenio
et al. (2017) for instance), and depend on individual human characteristics

(such as personality types).

(iv) Consequences of issue The final outcome of the interaction is
assessed using system performance criteria. For direct measures, a differ-
entiation is made among efficiency and service-level (Staudt et al., 2015).
Efficiency measures include the time (such as processing or lead time) or

cost of a certain warehouse activity (e.g., the number of order lines picked
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per time and cost unit). Service level criteria include the quality (e.g.,
shipped orders without damages) or accuracy (e.g., share of orders delivery
without errors). Further, safety metrics (such as number of occupational
accidents, see De Koster et al. (2011) and De Vries et al. (2016¢)) are
another performance criterion as safety issues among blue-collar workers
are common, especially in the logistics sector. Finally, we consider criteria
for human resource management such as retention or number of sick days.
These performance criteria are regarded to acknowledge and account for

the impact of human well-being.

The different parts of the systematic framework are utilized in the following

to structure the issue analysis in the next section.

3.4 Behavioral issues in human-machine
interactions

This section discusses seven issues that have been identified. Fig. 3.6
orders the issues based on the elements operational warehousing activity
and interaction setup of step (i) of our systematic framework. We structure
the discussion of concrete behavioral issues along those two dimensions,
where we use a subsection for each operational activity. Each subsection
starts with the (i) description of the interaction with involved automated
and robotized systems. Along the interaction setup, we continue with the
(ii) identification of associated issues, including potential open research
questions for each issue. Following with the (iii) characterization and (iv)
consequences of those issues, we provide theoretical and managerial insights
involving human factors and behavior and impact on system performance
based on warehousing and related literature. A number of issues may also
be applicable to other activities and the generalization and transfer to those

is discussed in Section 3.5. We formulate the future research questions in
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a generalizable manner to represent challenges and opportunities across

multiple activities.

Operational warehouse activities

Interaction setup ‘ 4.1 Receiving & Inspection ‘ l 4.2 Storing ‘ ‘ 4.3 Order Picking ‘ l 4.4 (Consolidation) & Packing
Collaboration [2] Filling shelves with [5] Overcoming mental [71 Solving the quest of
autonomous mobile impoverishment and augmented reality for
space, time, aim, robots physical overload packing
contact at advanced workstations
Cooperation [1] Controlling quality [4] Distributing work in [6] Forming dyads with
) using human-machine human-robot picking robot-assisted packing
space, time, complementaries teams with i i

aim tasks

. [3] Building teams in
Coexistence human-robot picking

space, time setups

Figure 3.6: Overview of behavioral issues identified in human-machine interactions

3.4.1 Receiving and inspection: interactions and
issues

The inspection process has important human interactions with automated
control machines, whereas receiving processes are either manual or fully
automated with no relevant human-machine interactions. As such, we focus

here on inspections and quality control.

(i) Description of interactions Visual inspection systems that are re-
sponsible for checking the quantity or quality as well as measuring product-
related data have made great advances in the last years, and many auto-
mated systems have been installed in warehouses. However, as these systems
are often not able to fully cover a large range of products, human operators
complement the process with their input on non-feasible or unclear cases,
often by receiving an error message that manual help is required. The
products in question are either separated and transported on a conveyor
belt to a workstation, or the human worker needs to troubleshoot right at
the machine. As no direct physical contact with the machine is required, but
the human operator and the machine work on the same incoming products

in these instances, the interaction is classified as a cooperation setup.
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(ii) Issue identification - [1] Controlling quality using human-
machine complementarities Warehouse operators and system
providers made it clear in their interviews that leveraging the comple-
mentary strengths when checking the quality (e.g., identifying defects),
quantity or dimensions of incoming products attains higher performance,
and is crucial to establishing efficient operating policies. As an example,
one warehousing manager [12WO] highlighted the need to combine both
human and machine skills: “We are able to process the basic products
with our automated inspection machine. However, we still rely on one
additional employee when it comes to SKUs that are hard to distinguish for
the machine, for example, if it is a small defect or natural variation, fragile
or inconsistent, or unknown such as promotional products.” Humans thus
complement the machine’s ability, function as the final decision maker
by judging whether the products meet pre-defined criteria, and act as a
supervisor or troubleshooter. Such hybrid settings are needed in many
cases, as neither unaided humans nor full automation is as effective as
combined work. As humans enhance the process through advantages in

flexibility and skill ranges, the following research questions evoke:

[1.1] What is the impact of setup choices (such as communication, con-
trol criteria and process order) on performance, and what are the
underlying mechanisms and psychological factors?

[1.2] What is the degree of perceived transparency and feedback influenc-
ing inspection performance, what behavioral aspects may explain
individual reactions to those factors, and why?

(iii) Characterization and (iv) Consequences of issue Building on
knowledge from cognate applications in OM, decision-making biases (such
as anchoring) may be present when troubleshooting is required. Setup
choices that influence these include the communication (e.g., should the
machine give a recommendation when delegating), distribution of the
products (e.g., which products should be delegated to the human based on
experience) or the design of the control criteria (e.g., unrealistic or complex

accept or reject criteria).
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The behavioral influence of these choices need to be analyzed and may
depend on individual characteristics of the employees. Some may be prone
to anchoring biases, some may be robust to potential false indications of the
machines, and some tend to lower their effort by exhibiting a high degree
of automation complacency (Parasuraman and Manzey, 2010). It is also
important to understand the order of the process to decrease throughput
times (e.g., when should the human pro-actively prepare incoming goods
for the inspection machine due to bulky items or broken pallets). As in
similar setups inspection systems show better performance when combining
human and machine skills (see See et al. (2017) for instance), it is necessary
to find the optimal incorporation of the above-mentioned setup choices
to stimulate human action and minimize inspection errors in warehousing
settings, too. Moreover, human motivation, mood and satisfaction can be
impacted in this process (Bainbridge, 2002; Lughofer et al., 2009). For
example, system performance increases when operators know that their
input will be included in the algorithm of the system ex-ante (Lughofer et al.,
2009), or when they feel a machine is making intelligible decisions (Kellogg
et al., 2020). Motivation may be particularly impacted by the technical
architecture (Bendoly et al., 2010). As such, the ability to provide feedback
to the machine and to the operator is crucial to increase the interest and
willingness for smooth joint work, and emphasizes the machine’s ability
to learn from the human as an expert (Kadir and Broberg, 2020). Also,
it is important to create cognitive and emotional trust to enhance the
success of automation integration, particularly by achieving high system
transparency and reliability (Glikson and Woolley, 2020). Clearly, analyzing
setup choices, process order and motivational, trust and feedback aspects
are promising starting points for future research. Note that in some cases
this inspection activity may also be classified as collaboration depending

on the specific machine that is utilized.
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3.4.2 Storing: interactions and issues

Instead of storing goods either manually with a forklift or with automated
storage and retrieval systems (AS/RS), semi-automated solutions are uti-
lized that result in significant interactions between humans workers and

automated or robotized storing systems.

(i) Description of interactions In such a hybrid setup, humans are
supported in filling storage shelves by automated guided vehicles (AGVs)
or autonomous mobile robots (AMRs). As main aspects of the following
discussion are connected to AGVs and AMRs, the findings may also be
applicable for order picking as the reverse application to storing. In general,
these machines transport the products when traveling through the aisles
next to shelves (Fragapane et al., 2021). In some cases, certain types offer a
seating possibility, or even assume the lifting aspect of the storing activity
(via a robotic arm or lift). Both the flexibility of the human operator to
store a variety of products on shelves and the technological advances of the
machines can be leveraged in such systems. This is particularly suitable
when individual items need to be handled instead of full pallets. Examples
of applications include spare parts warehouses, micro fulfillment centers,
and supermarket shelves. Such hybrid approaches require the hand-over of
products from machine to human, and we therefore focus in the following

on a collaboration setup.

(ii) Issue identification - [2] Filling shelves with autonomous mobile
robots As the replenishment process frequently accounts for a large share
of working time of employees (Boywitz et al., 2019), the efficient orchestra-

tion of human and machine leads to several open research questions:

[2.1] What are optimal design choices of collaborative robots for replenishing
products, and how and why do psychosocial factors, incentive schemes
or personality traits influence such setups?
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[2.2] Which incentive schemes or personality traits are beneficial for human
employees in a fixed or a floating AMR operational policy, and what
mechanisms may explain individual differences?

(iii) Characterization and (iv) Consequences of issue The operator
moves with the robot to the storing locations. The physical put away process
is conducted by the human, but strenuous bending down is prevented as the
machine elevates the product towards a comfortable position for the human.
Finally, the operator needs to decide where to place the product, while
the robot supports the human with physically demanding tasks (walking,
carrying and lifting the products). Such machines (and in particular their
arms and lifts) are able to work in different speed settings, often deviating
from natural levels of physical human movement. The robot configuration
may thus be limited by human abilities that may differ between individual

operators.

As a starting point, Roy and Edan (2018) found out that the working pace
or default speed of such robots should be the average working speed of the
operator to reduce fatigue and stress. The authors base their judgment on
human-human experiments and directly derive the implication from their
findings. While this may hold true for human-human handover tasks, a
further analysis needs to be conducted on the human-machine specifics, and
most importantly, on their impact on system performance criteria. Further,
when evaluating the behavioral benefits of fixed (AMRs are assigned to
a specific worker) or free-floating (AMRs serve multiple pickers) policy
(Boysen et al., 2019), it is important to understand which prove to be
more efficient depending on individual personality traits (see De Vries
et al. (2016a) for a related manual warehouse example). Sauppé and Mutlu
(2015) show that employees like to treat robots as a social entity, eventually
boosting the perception of their coworker. A fixed strategy thus may increase
individual human acceptance as the machine is assigned to the specific
employee and satisfies the desire of monopolizing the support (Gombolay
et al., 2015). In this light, incentive schemes, that also incorporate potential

robot throughput, are interesting research inquiries as they may have a
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large influence on overall performance. Pasparakis et al. (2021) study
another policy option of AMRs: Should the human lead or follow the
robot to the picking (or storing) spots. The authors find that for larger
efficiency, human leading is superior, while greater accuracy is achieved
when humans follow the robots. Further, prevention regulatory focus (as
a personality traits) moderates the effect of the different policies on pick
speed. However, there is no clear theoretical foundation why these concepts
should be interrelated, and hence, it would be interesting to understand
which other behavioral mechanisms may play a significant role in this setup.
Moreover, the underlying slotting strategy also impacts the interaction. For
example, humans may improve performance in dedicated approaches due to
learning effects (Weidinger and Boysen, 2018a). Additionally, the benefits
of exploiting favorable storing (and consequently picking) locations when
deciding on the slotting strategy provides further research potential given

ergonomic benefits (Petersen et al., 2005).

3.4.3 Order picking: interactions and issues

Recent warehouse automation efforts have been heavily concentrated on
robotized order picking (e.g., Lamballais et al. (2020)), and a large number
of companies are offering a variety of systems for this purpose. In particular,
focus has been put on minimizing traveling time, as this is the most time

consuming task in the picking activity (Tompkins et al., 2010).

(i) Description of interactions We differentiate between picker-to-parts
and parts-to-picker solutions, as well as along the degree of automation
(Boysen et al., 2019). In picker-to-parts setups, the picker (or in the case of
full automation the robot) moves to the storage area to retrieve the products,
while in parts-to-picker designs the products are carried to the picker by
a transportation system. The degree of automation is the ability and

intelligence of the machine to fulfill a single picking task autonomously. Fig.
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3.7 provides an overview. Note that regardless of the degree of automation,

significant interactions exist.

Picker- Parts-
Human-machine interaction to-parts to-picker
Degree of Joint picking with autonomous mobile picking robots Q
automation
Picking at advanced workstations (<]
Picking with novel AS/RS and shelve-moving robots (<]
AMR or AGV-assisted picking (<]
Augmented-reality-assisted picking (<) (<]
Monorail-/ trolley-assisted picking (<)

@ = interaction takes place

Figure 3.7: Relevant human-machine interactions at order picking

In fully automated picker-to-parts setups, robots are able to fulfill the
picking process autonomously without the help of humans (Fottner et al.,
2021). Interactions occur when employees are deployed in the same area
(see Fig. 3.1), where both an autonomous mobile picking robot and an
operator pick in the same aisle. In semi-automated picker-to-parts setups,
AMRs, AGVs or trolleys hanging from a monorail help to reduce travel
time by allowing pickers to put items on machines that travel to the base.
Additionally, virtual and augmented reality applications can support pickers.
These systems indicate instructions using perception (via head-mounted
displays for instance). In automated parts-to-picker systems with human
interaction, pickers are located at advanced workstations and interact using
various interfaces (such as buttons or touch screens). Fig. 3.2 shows an
example in which a human operator receives input from a display to pick
items from arriving totes. Parts are supplied via AS/RS, pouch sorter,
shuttle-based technology or shelve-moving mobile robots (Azadeh et al.,
2019; Boysen et al., 2021; Yuan et al., 2019). In the latter case, the
robots bring back the shelves to a repository or to the next picker after
the successful picking process (Weidinger and Boysen, 2018b). Typically,
humans fulfill the picking task supported by visualization methods such as
pick-to-light. All types of interaction setup are found given the variety of

systems and design options available for order picking. We start with an
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analysis of a coexistence issue, follow with cooperation, and end with the

most proximate and dependent setup in a collaboration setup.

(ii) Issue identification - [3] Building teams in human-robot picking
setups Beginning at human interactions with autonomous picking robots,
one key challenge revealed in our expert interviews is determining the
team structure, that is, how many humans and how many autonomous
picking robots to employ for a given picking zone during the same shift:
“I will have to form new teams, and this will change the human dynamics
significantly depending on how many robots I will include [3WO].” This

results in interesting research questions:

[3.1] How does the share of robots impact efficiency and retention of human
operators, which behavioral mechanisms govern the differences, and
what is the optimal composition and policy in which constellations?

[3.2] Which behavioral traits and skills impact performance when team-
ing with autonomous robots, what behavioral aspects may explain
differences, and why?

(iii) Characterization and (iv) Consequences of issue In such mixed
teams, humans see the robots, hear their noises, and maybe even smell
their robotic odour (see Fig. 3.1). Humans think about robots as team
mates, their role within the team, and how to deal with them. Movements
need to be orchestrated to both ensure human safety and robot productiv-
ity. Many experts reported different ways employees have of coping with
such human-machine coexistence, with one manager [13WO] pointing to
unknown consequences: “We do not know yet what the short- and long-term
influence on human social components will be when we employ more and

more robots.”

Insights from BS regarding team composition in general and for human-
machine interactions in particular serve as a starting point to analyze this
issue. One key aspect of managing teams is to deal with interpersonal

processes such as conflict and affect management or collective motivation
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building to avoid performance problems (Marks et al., 2001). Employees
care about human relationships and identify with colleagues (Urda and
Loch, 2013), and these social interactions have a large impact on motivation
and performance (Cantor and Jin, 2019). In line with that, Stein and Scholz
(2019) encourage automation-oriented diversity management when building
groups and Gombolay et al. (2015) establish that people value humans
more than robots as team members. Hence, psychosocial factors such as
motivation, satisfaction or loyalty of employees may vary depending on the
human-robot team structure in warehouse operations, too. Additionally,
findings about peer effects (Mas and Moretti, 2009; Schultz et al., 2010; Tan
and Netessine, 2019) may also exist for such human-machine teaming and
impact optimal operating policies. The physical presence of autonomous
robots further influences trust and actions, depending on the individual
human being (Glikson and Woolley, 2020). Consequently, a thorough under-
standing of which personalities (see Kaplan et al. (2019) for an extroversion
example), behavioral traits or skills prove to enhance performance criteria

are promising research directions.

(ii) Issue identification - [4] Distributing work in human-robot pick-
ing teams with substitutable tasks System providers and warehouse
operators further addressed that allocating or distributing work among
humans and robots is an essential topic. For example, one system provider
[15SP] raised the question of “which jobs should I give to robots, and which
to my [human] employees?” Compared to issue [1] in which humans and
machines complement each other for quality control, this topic now deals
mainly with the potential substitution of human and machine work forces,

also leading to novel research opportunities:

[4.1] Do performance differences between robots and humans have an impact
on the performance of humans, and, if so, which psychosocial factors
influence the deviations?

[4.2] What might be optimal operating policies for distributing tasks among
robots and humans when accounting for human preferences and be-
havior?
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[4.3] Who (human or robot) should distribute tasks, and how does this
impact psychosocial factors?

[4.4] Under which conditions should human employees work with lower or
higher perceived autonomy (in task execution and allocation) when
teaming with robots?

(iii) Characterization and (iv) Consequences of issue Pickers and
robots share the same zone, shift and customer order in such a cooperation.
Humans see and hear the robots performing tasks, and consequently question
the nature and allocation of the respective jobs (e.g., which items are picked

by robots, and which by humans).

A starting point of a behavioral analysis could be to determine both the
preference and performance of humans for each specific type of job to decide
on the allocation. For the former, this includes an investigation of tasks by
product type or location (Larco et al., 2017) in terms of human desirability
and comfort, also to avoid devaluation feelings (Gombolay et al., 2015).
In this sense, warehouse managers reported the common phenomenon
that employee motivation and performance increased when robots were
introduced, but the effect diminished over time. On the other hand, if
humans see robots performing the undesirable jobs, psychosocial factors
(such as satisfaction or acceptance) are improved. In this case the trade-
off with physical, ergonomic job-rotation benefits (see Otto and Battaia
(2017) for an assembly example) needs to be evaluated. For the latter,
each human has individual skills (see Matusiak et al. (2017)) that affect
performance in different job types. This requires an understanding of the
jobs in which human performance is generally lower, and should therefore
be transferred to robots (for instance to promote specialization, see Schultz
et al. (2003) in a production setup). Further, Sanders et al. (2019) find that
humans tend to distribute a picking task to humans rather than to robots,
mainly due to trust issues and the fear of financial loss for the human.
Also, as humans value it when their preferences are taken into account
(Gombolay et al., 2017), it is crucial to analyze the influence on performance

criteria depending on whether humans or robots distribute tasks in the
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warehouse. When humans decide on the allocation, the level of trust in
humans and machines has a major impact on the decision-making (Sanders
et al., 2019). In the reverse setup (i.e., task assignment from a human
or an algorithm), Bai et al. (2021) studied the influence on fairness and
efficiency. Their results indicate higher perceived fairness when machines are
distributing work, even yielding in a persistent boost of picking performance.
It remains open how these findings may be different depending on the level of
transparency in the distribution process, a significant research opportunity
also mentioned by one expert [I0OWO]. Moreover, Cragg and Loske (2019)
compare different picking technologies and find that the lower the human’s
experienced work autonomy, the higher the picking efficiency. However, the
effects of work autonomy on key performance criteria may have a different
degree or even magnitude depending on additional human factors (e.g.,
mental workload) and individual characteristics (e.g., personality traits) of
the subjects. Hence, it is relevant to incorporate such factors in further

studies as well.

(ii) Issue identification - [5] Overcoming mental impoverishment and
physical overload at advanced workstations For parts-to-picker se-
tups, a key issue divulging from practice is how to balance mental and
physical workload at advanced picking workstations. Warehouse system
providers focused in the past on reducing mental workload and achieved
progress in improving ergonomics and safety: “ We were able to reduce the
physical strain and also designed the systems in a manner that limits the
necessary input of employees via several ergonomic initiatives,” as a system
provider [16SP] reported. However, the reduction of mental workload for
humans also led to several psychosocial problems in the mid- and long-term.
For example, one warehouse operator [14WO] reported: “Unfortunately we
see mental impoverishment of our people at the workstations.” This requires

addressing the following research questions:

[5.1] What is the optimal amount of perceived decision-freedom and machine
support-level for human operators to avoid mental impoverishment?
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[5.2] What is the optimal throughput model to maximize both operational
efficiency and psychosocial well-being factors?

[5.3] What are efficient incentive schemes to maximize worker and machine
productivity?

[5.4] Does backlog design have an impact on psychosocial factors and
performance, and if so, what is the optimal design and why are the
underlying mechanisms impacting such setups?

(iii) Characterization and (iv) Consequences of issue In collabora-
tive interactions at advanced workstations, humans receive visual input
from screens, light or voice indications, including the number of items to
be picked within a certain time frame. Based on the perceived information,
humans perform their picking task, often by putting items from one bin
to another, and confirming the operations executed either via buttons
or voice commands. Fig. 3.2 shows an example. Usually, the standard
processes are predefined and no mental effort is required. Physical effort
(such as the speed of movement) is high as companies usually want to
maximize machine output. Behavioral analyses show that performance
criteria suffer from mental impoverishment, including lower accuracy (de-
spite visual support of the workstation such as pick-to-light, see D’Addona
et al. (2018) in a manufacturing example) and retention as jobs are in-
creasingly unattractive: “No one wants to do this job anymore [14W0].”
To counteract reduced attention (situational awareness) or job satisfaction
as well as increased boredom or fatigue, managers need to innovate the
human-machine interaction and account for mental stimulus (for example by
providing more decision autonomy or information, including gamification).
Moreover, practitioners (e.g., [1SP] [5C], [TWO]) frequently mentioned
mounting performance pressures at workstations. Reported consequences
are higher stress and physical overload paired with lower job satisfaction.
System performance criteria such as a lower service level (see Kostami
and Rajagopalan (2014) for a service operations setting) and increased
fluctuation are experienced by interview participants (e.g., [2WO], [15SP],
[19WO])). In this sense, Batt and Gallino (2019) find insights on how pick
times are reduced when humans are more experienced, proving a great

need for higher retention. Another related example is provided by Tan and
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Netessine (2014), who discover an inverted-U-shaped relationship between
workload and performance of service operators. As considering new ways
of balancing the physical and mental workload has proven successful in
warehousing (see Kudelska and Niedbal (2020), who find decreased mental
and physical workload and improved efficiency with shelve-moving robots)
and in other settings (see Delasay et al. (2019), Gombolay et al. (2017),
Parasuraman et al. (2008), Proctor and van Zandt (2018) or Teigen (1994)
for examples), similar analyses on advanced workstations seem promising.
Further, different setups of backlog (or perceived workload) at advanced
workstations influence efficiency and even motivation or satisfaction: “We
see differences in our shift performance depending on the backlog of open

)

orders on the display at the workstations,” stated a warehouse manager
[10WO]. In a related setting, Wang and Zhou (2018) show that workers
operate faster in dedicated compared to shared backlogs in a supermarket
context, mainly due to the social loafing effect. Delasay et al. (2019) de-
fine the relationship between backload and skill level as an open research
avenue. Performance criteria are additionally influenced by other design
elements, such as displaying backlog privately or publicly. Also at advanced
workstations, it is critical to model and understand actual human behavior
when analyzing such parameters (see Wang et al. (2021) in their conclusion

on human interactions with shelve-moving robots).

3.4.4 (Consolidation) & packing: interactions and
issues

As order consolidation is not a necessary step in all warehouses, we focus on
the packing process in the following. Note that human-machine interactions
also exist for consolidation (e.g., with put walls or sorting systems, see
Boysen et al. (2022)). While fully automated packing lines exist, many
warehouses run on semi-automated solution with significant human-machine

interactions.
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(i) Description of interactions In this paper, we differentiate between
two main interactions in packing. First, robots and human workers jointly
work at a packaging line by distributing tasks for each sub-activity, which
results in a cooperative setup. Second, humans are supported by wearing
virtual and augmented reality (VR/AR) systems in collaborative interac-
tions. We focus on head-mounted-devices (or AR glasses) as a common
application. For instance, AR systems are able to support the operator in
the multiple-bin-size bin-packing problem to load parcels onto a pallet or
into a truck. Another use case is the selection of the most efficient container
(often the one that minimizes material use), but still perfectly packs and
protects all the items to be shipped. Note that AR glasses are also used for
picking (pick-by-vision) and findings may be transferable (see Egger and

Masood (2020) for an overview).

(ii) Issue identification - [6] Forming dyads with robot-assisted pack-
ing machines When deciding on semi-automated packing lines, ware-
house managers are faced with the decision on which sub-activity to assign
to robots and how to design the interaction among humans and machines.
In such hybrid work cells, robots take the role of the helping hand for the
humans when packing a container for delivery, leading to open research

questions:

[6.1] Which sub-activity should be performed by robots and which by
humans based on individual personality types and skills, and what is
the allocation mechanism?

[6.2] Do perceptional factors of robots impact mental workload and system
performance, and if so, why?

(iii) Characterization and (iv) Consequences of issue In such inter-
actions, humans and robots operate in the same space to finalize orders.
Workers see, hear, and exchange information with the packing machines.
Their new coworker focuses on routine tasks without showing any fatigue
(such as erecting the cartons or sorting the products), while humans excel by

performing activities that do not always follow structured patterns (such as
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troubleshooting (Banerjee et al., 2015) or special labeling). When switching
from a robot sub-task to a human sub-task (or vice versa), interactions
need to be orchestrated and adjusted to fit both the technical skills of the
robot and the natural physical movements of the human. Humans need
to anticipate and understand why a robot is reacting and behaving in a
particular way. This is crucial to mentally anticipate the next move of the

robot to ensure safe standard operating procedures.

Banerjee et al. (2015) conduct human-robot kitting experiments and achieve
faster execution times and comparable quality by implementing visual in-
dication when human troubleshooting is required. By letting the robot
assume repetitive tasks, physical workload is reduced and task duration
times lowered. Maettig and Kretschmer (2019) and Maettig et al. (2019)
also study the influence of visual indications in a packaging line by mini-
mizing the perceived information to reduce mental workload and improve
quality. As the reduction of mental workload or difficulty may evoke differ-
ent consequences for different people (Schulz et al., 2018), it still remains
open which sub-activity of the packing process should be performed by a
robot, depending on personality traits, human knowledge or skill. Further,
if we assume that the order of tasks within packing is fixed (due to the
line setup), and robots and humans jointly solve a task (e.g., robot erects
the carton, humans inserts items, robot seals it), humans prefer to work
with robots that are pro-active (they know and prepare which task to do
next) and information- or intent-sharing (Baraglia et al., 2016). Humans
also favor leading the interaction, except when mental workload is high
(Schulz et al., 2018). The overall setup consequently impact psychoso-
cial factors such as job satisfaction as well as both physical and mental
workload, leading to interesting research possibilities on the influences on
performance criteria (e.g., throughput times of the packing line). Besides
that, cooperating (or in some instances also collaborating) in such a close
proximity with robots may influence perceptual factors (such as noise levels)
in the warehouse, and this consequently needs to be addressed as well.
Regarding the above-mentioned multiple-bin-size bin-packing problem, Sun

et al. (2021) observe that humans deviate from algorithmic suggestions due

41



Human interactions with automated and robotized warehousing systems Fabian Lorson

to superior information or complexity issues. They install a human-centric
intervention that incorporates such anticipated deviations, leading to a
reduction of deviations and an improved performance. Future research
may explore the observed worker heterogeneity (e.g., in terms of traits
or preferences) or the possibility to provide additional information. One

possible way for this are AR devices, which we discuss next.

(ii) Issue identification - [7] Solving the quest of augmented real-
ity for packing Mark Zuckerberg, the CEO of Facebook, expects AR
glasses to redefine the relationship with technology (CNBC, 2020), and
many collaborative AR applications already exist for packing and other
activities (see Stoltz et al. (2017) for an overview). However, for extensive
implementations and safe interactions, the following research questions need

to be answered:

[7.1] How can human factors be improved when operating AR devices, what
is the performance impact of such behavioral aspects depending on
individual workers, and why?

[7.2] What are optimal operating policies (e.g., which tasks to conduct) for
operational activities when incorporating preferences and psychosocial
effects of employees wearing AR devices?

(iii) Characterization and (iv) Consequences of issue Using AR, the
operator sees through the head-mounted device and receives the respective
information on the display. These may be the location where to put an
item, or which container to choose based on a pre-selection. The human is
required to process the information and to act on given instructions (such
as putting items into a bin or erecting the carton). In some cases voice
commands, gesture or touch screen input are required, depending on the

type of AR support.
Three related experiments offer starting points to find answers to above-

mentioned questions. Stoltz et al. (2017) analyze human factors and

behavior in a parcel-categorizing task using a head-mounted device, while
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Kretschmer et al. (2018) and their follow-up study in Plewan et al. (2021)
investigate the performance and usability of an AR head-mounted device for
palletization. The authors compare the systems to traditional approaches
(such as paper based or tablet methods) in all three setups. Stoltz et al.
(2017) encounter a potential ephemeral motivational effect given the novelty
of the AR glass and the useful information displayed, linking to reduced
mental workload as the decision-making processes are assumed by the
machine. In line with this, Kretschmer et al. (2018) find a lower mental
and temporal demand and experienced effort, but no significant reduction
in perceived workload, which is confirmed by Plewan et al. (2021). Note
that the results indicate that workload was lowest for the AR condition
despite the missing effect significance. Regarding usability, Kretschmer et al.
(2018) and Plewan et al. (2021) report lower scores compared to traditional
approaches, resulting in a key challenge for practitioners. Interestingly,
performance metrics vary across the studies. While Stoltz et al. (2017) and
Plewan et al. (2021) find improvement in quality, time (as the efficiency
indicator) is not reduced in Kretschmer et al. (2018), and is even negatively
impacted in Stoltz et al. (2017) and Plewan et al. (2021). Concluding, it is
evident that AR devices help to increase the quality, but efficiency criteria
need to be assessed further. In particular, relationships with perceived
mental and physical workload, usability and acceptance seem visible, and
are also of highest relevance (Masood and Egger, 2019). Wearing a head-
mounted device for a whole shift increases physical workload, and users are
visually limited and may be distracted due to visual and audio information.
Thus, situational awareness and consequently safety is negatively impacted
(see Aromaa et al. (2020) in a related lab experiment). Also, understand-
ing the long-term motivational effect given lower decision discretion and
competence requirements needs to be understood, and findings are always
dependable on the individual hardware, subjects, and their personalities
(see De Vries et al. (2016b)). In any case, there are many possibilities to
further conduct field experiments with real warehousing workers to answer
above-mentioned questions and assess movement towards the expectations

Zuckerberg voiced.
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3.5 Theoretical foundations and unifying
themes

This section provides an aggregated view on the empirical findings through a
behavioral lens. In our systematic framework, we characterized each human-
machine interaction by its setup components space, time, aim, and contact.
We now develop theoretical foundations by discussing which behavioral
theory informs potential effects based on each interaction setup component.
By combining the theoretical foundation with both our insights obtained
in the previous section and further coding of our data sources, we derive
a set of four unifying themes (A)-(D) for the warehousing context. Each
theme illustrates a common behavioral aspect relevant in human-machine
interactions in warehousing across operational activities. The theoretical
foundations underpin unifying themes with prevalent behavioral theories to
highlight the causalities among the various interconnections (such as inter-
action setup and human factors). Fig. 3.8 summarizes those connections,

and Table 3.1 delineates links to issues, interviews and literature.

'"m:;:::;::::'g Space, Time ¢ Aim 6 Contact
Theoretical | Cognitive psychology and - Social psychology and Social psychology and (task) interdependence: Social psychology and physical environment:
foundations | individual differences: group dynamics: social comparison and preferences, autonomy, and engagement, workload and situational awareness
personality traits, trust, and peer
preferences, and skills effects
\ \ \ \]
Unifying | @y Hiring and training the @) Forming effective igning tasks and i ing policies | @) Designing engaging direct human-machine
themes | right human employees human-machine among humans and machines interactions
for the right human- warehousing teams
machine interaction

Affected [ Coexistence
interaction
setup | Cooperation

Collaboration

Figure 3.8: Overview of theoretical foundations and unifying themes
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Table 3.1: Interconnection among unifying themes, issues, and data sources

Unifying themes Related issues Evidence from inter- Related literature

views

A Hiring and train- 11, [2], [3], [4], 2WO], [3WO], [4WO], Pasparakis et al. (2021), Plewan
ing the right hu- [5], [6], [7] 5C], [6C], [8WO], [9SP], et al. (2021), Roy and Edan (2018)
man employees for 11SP], [12WO], [13WO],
the right interac- 14WO], [15SP], [17C],
tion 18SP], [19WO]

B Forming effective [1], [2], [3], [4], 2WO], [3WO], [4WO], Sanders et al. (2019), Stoltz et al.
human-machine [6] 6C], [8WO], [9sP], (2017)
warehousing teams 10WO], [13WO], [14WO],

15SP],  [16SP], [17C],
18SP], [19WO]

C Assigning tasks [1], [2], [4], [5], 1SP], [2wWO], [BWO], Banerjee et al. (2015), Bai et al.
and developing [6], [7] 7WO], [10WO], [11SP], (2021), Cragg and Loske (2019),
operating policies 12WO], [13WO], [14WO], Maettig and Kretschmer (2019),
among humans 15SP], [17C], [18SP], Maettig et al. (2019), Pasparakis
and machines 19WO] et al. (2021), Sun et al. (2021), Roy

et al. (2019)

D Designing en- [2], [5], [7] 2WO], [4WO], [5C], [6C], Kretschmer et al. (2018), Kudelska
gaging direct 7WO], [10WO], [11SP], and Niedbal (2020), Plewan et al.
human-machine 13WO], [14WO], [16SP], (2021), Roy and Edan (2018), Stoltz
interactions 17C] et al. (2017)

In the following, along the unifying themes, we elaborate on behavioral
theories connected to the interaction setup components, and outline which
behavioral aspects and mechanisms play a significant role. We further
specify our findings from our empirical observations regarding the respective
unifying theme. By highlighting which human factors are salient to which

consequences, we show causal relationships for research going forward.

(A) Hiring and training the right human employees for the right
human-machine interaction As the human-machine interaction is hap-
pening in the same space and time, humans react to the presence of auto-
mated machines and robots in warehouses, and hence, theories of cognitive
psychology and individual differences of employees inform human behav-
ior within interactions (Croson et al., 2013; Kihlstrom and Park, 2018).
Particularly, aspects such as personality traits, preferences and skills vary
among humans (Donohue et al., 2020), and thus, play a crucial role in
managing efficient warehouse setups. The vast majority of interviewees
emphasized the need to hire, train, and employ suitable humans, depending
on the operational task at hand (see Table 3.1). The required skills include,
but are not limited to, professional (e.g., programming capabilities for

warehousing robots), methodological (e.g., trouble shooting skills to resolve
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workstation blockages), and personal competencies (e.g., eagerness to adapt
to adjusted tasks). This preference and competence based view is required
to account for the heterogeneity and individual differences of employees,
and necessary as job profiles are changing given adjusted or novel activities
in human-machine interactions with automated or robotized systems (also
driven by the rise of specific types of warehouses such as fulfillment centers
for e-commerce, see Boysen et al. (2019)). Examples for salient relation-
ships exist in the moderating effect of specific traits and preferences on
efficiency (see Pasparakis et al. (2021) for a picking example) and retention,
potentially triggered by differences in human motivation and satisfaction.
Further, recognizing individual’s skill set is important to understand which
worker to deploy for which task, as individual human performance varies
even in standardized activities (see Matusiak et al. (2017) for a related
picking study). Given high fluctuation rates in general, and large temporary
labor needs during peak demand periods, it is crucial to learn how to attract
and retain labor for human-machine interactions. Hence, analyzing this
first theme certainly leads to important understandings around individual
differences that can be utilized to hire and train the right human at the

right interaction across warehousing activities.

(B) Forming effective human-machine warehousing teams Having
new team mates in the same space and time triggers human behavior from
social psychology and group dynamics. For instance, theories around trust
and (technological) acceptance (Glikson and Woolley, 2020) as well as peer-
effects (Tan and Netessine, 2019) inform the behavior within the group,
and consequently also the outcome of the human-machine interaction. To
manage effective human-machine teams, interviewees describe trust and
acceptance as key success factors to implement warehouse automation
efficiently. This has been further accentuated by several practitioners that
reported failed automation attempts, with large negative outcomes on
system performance only due to lack of trust and acceptance by humans.
Salient factors to consider are in particular perceptual factors (e.g., how

robots are perceived and introduced) and their relationship to trust and
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acceptance of the employees in warehouse interactions. It is important how
team or firm loyalty may vary given emerging human-machine setups, and
how this moderates efficiency (potentially changed due to peer effects) and
particularly retention. Only by including such behavioral mechanisms into
optimization efforts will ensure to build efficient teams in the warehouse of
the future.

As space and time are by nature components of coexistence, cooperation,
and collaboration setups, themes (A) and (B) are of relevance for all

human-machine interactions.

(C) Assigning tasks and developing operating policies among hu-
mans and machines Adding the interaction component aim sparks
further mechanisms from social psychology. In particular, the same aim
creates (task) interdependence, making the performance of humans and
machines dependant on reciprocal actions (Bendoly et al., 2010). Thus,
humans compare themselves with the machines, show social preferences
(for example in task distribution or job execution), and react to process
information and setup choices (see Gombolay et al. (2017) or Loch and
Wu (2005) for related examples). The insights from practice regarding
task assignment and policy development show that addressing how to best
leverage the strengths of humans and machines, how to distribute the
workload within human-robot teams, and how to design the workflow (such
as communication and operating policies) becomes indispensable. When
solving related issues, mental factors are salient as humans think about
the tasks, process and setup choices (e.g., information provision). In this
way, feedback, transparency and perceived autonomy influence motivation
and satisfaction, and moderate the effect on performance in warehouses.
This constitutes the pathway to explore different avenues in cooperation
and collaboration setups such as the role of above-mentioned factors in

substitutable versus complementary tasks.
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(D) Designing engaging direct human-machine interactions Direct
contact provokes further behavioral mechanisms from social psychology and
physical environment (Bendoly et al., 2010; Vischer, 2007). Specifically, the-
ories explaining behavioral factors such as engagement (e.g., goal-setting or
incentive theories), workload (e.g., speed-accuracy trade-off) and situational
awareness inform interactions, particularly in collaboration setups. Insights
from the interviews show that, with increasing automation, experts see
issues around designing engaging interactions and thus, struggle to create
an attractive workplace for human employees in warehouses. While in coop-
eration setups mental and physical workload are mostly regarded separated,
the direct contact among human and machines makes the balance of both
factors a key relationship to optimize. For example, high physical workload
(or speed-up pressure, see Schultz et al. (2003) or Wang and Zhou (2018))
and low mental workload may both reduce efficiency and quality. Hence,
finding the optimal equilibrium (e.g., by adjusting decision-discretion) is a
key area of future research. Goal-setting theory and incentive theories are
starting points to inform more engaging (for higher usability and efficiency)
and more sustainable (for higher retention) solutions. On top of that, a
salient relationship exists between situational awareness and quality or
safety (e.g., see Aromaa et al. (2020) for a related lab experiment), and

needs to be taken into account when designing attractive interactions.

To summarize, the unifying themes (A)-(D) provide an aggregated view
on the detailed issue discussion in Section 3.4 while the prevailing theo-
ries constitute the foundation for human-machine interaction research in
warehousing going forward. This offers a cohesive body of knowledge to
better understand causalities within human-machine interactions and to ul-
timately provide more efficient warehousing setups when behavioral factors
are influencing the system and its performance. Addressing the research
questions for the specific issues will therefore also result in transferable
findings to other issues. The main rationale for this generalization materi-
alizes from analogous behavioral mechanisms that are triggered through
similar interaction setups and, in some cases, systems involved. For instance,

findings on fixed versus floating AMR policies when storing shelves [RQ
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2.2] may be transferred to picking as the interaction setup and systems
are comparable. Further, results on backlog design studies at advanced
workstations for picking [RQ 5.4] are applicable for receiving and inspection
as well as packing applications due to the potentially similar setup of the
system and interaction. Also, insights on efficient operational policies that
incorporate human usability and situational awareness when packing with
AR glasses [RQ 7.2] are transferable to picking tasks. These three examples
and the comprehensive overview in the Appendix indicate that findings

generated for one issue provide opportunities in additional activities.

3.6 Conclusion

Interactions between human operators and automated or robotized systems
in the warehouse are developing into a multi-disciplinary field of research.
This has recently evolved and gained momentum due to the rapid growth
of automation in logistics. As humans still excel in specific tasks due
to flexible skills and economic advantages, new issues related to the role
of workers in warehousing and in operations of the future emerged. To
optimize system design and operations, it has become essential to investigate
human-machine interactions in operational warehouse activities. This
paper develops the pathway to necessary research within this nascent
research area by identifying key interactions, corresponding behavioral
issues, theoretical foundations, and unifying themes. We first developed
a systematic framework to investigate issues in such interactions, and
additionally presented our empirical findings from expert discussions. The
developed research agenda unfolds open areas and related questions to
better manage human-machine interactions in automated warehouses. The
analysis of the warehousing literature revealed significant gaps across the
identified issues. In addition to the novelty of the warehousing systems
involved, a predominant reason is the research focus on either OM or BS,
but interdisciplinary methods are missing to tackle those behavioral issues.

It becomes evident that more synergistic approaches among OM and BS
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are required. Hence, we enriched the discussion to allow a cross-disciplinary
perspective, which is in line with the call for interdisciplinary OM and BS
research in Moniz and Krings (2016). We elaborated specifically on the type
of human-machine interaction setup, and how its component are connected
with prevailing theories. This overarching theoretical foundation particularly
informs four emerging unifying themes for human-machine interactions
in warehousing going forward. To conclude, we outline managerial and
theoretical implications, and provide limitations as well as an outlook of

our study.

3.6.1 Managerial and theoretical implications

Insights on the identified issues and themes could inspire practitioners when
designing and planning modern warehouses. For example, the implications
help warehouse systems providers and engineers to design better products
(such as incorporating behavioral findings in design and setup choices
of advanced workstations) and assist warehouse managers with better
decision-making by accounting for human-machine interaction effects (such
as hiring employees with a specific skill set or deciding on the type and
number of robots for a team). These findings can also enhance project
managers’ awareness of behavioral issues when drafting implementation
projects for warehouse automation (overcoming motivation and acceptance
issues, for instance). Ultimately, insights into the issues and themes will
facilitate the application of efficient OM models and tools that are grounded
in empirical observations and behavioral theories, aimed at increasing
system performance via enhanced human-machine interaction and associated
factors. Furthermore, we demonstrate that interactions with systems of a
robotic nature are prevalent, showing the enhanced relevance of autonomy
in intralogistics (see Fottner et al. (2021)), also given their flexibility and
scalability. Hence, managers need to prepare themselves and their teams for
further human-robot interactions. Moreover, as unifying themes exist across

activities, it is crucial to optimize interactions beyond picking (i.e., the
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activity with the largest cost share), as focusing on one individual activity
may create bottlenecks in others, leaving behind untapped opportunities for
improving an efficient material and information flow, and making a holistic

research approach necessary (see also Boysen et al. (2021) or Van Gils et al.
(2018)).

The systematic framework, theoretical foundation, and unifying themes also
build a structure to advance human-machine interaction research. They
can be applied in other contexts, particularly in both different activity
levels and related OM fields. For the former, they can be transferred to
the analysis of non-operational warehousing activities (such as interactions
with intelligent maintenance software in automated warehouses). For the
latter, the concepts remains valid for manufacturing (e.g., collaboration with
assembly robots), transportation (e.g., supervising automated truck driving),
health care (e.g., interactions with care robots) or other applications in
supply chain management (see Perera et al. (2019) for a forecasting example).
Consequently, this work opens up a broad variety of relevant topics as

human-machine interaction continues to progress in many OM fields.

When finding solutions to above-mentioned issues and unifying themes,
blending research of machine-centric OM with human-centric BS by ap-
plying the systematic framework and theoretical foundations is vital to
establish efficient human-machine interactions in the warehouse. In order
to enhance decision-making as well as OM principles and theories for such
interactions, it is also important to utilize a variety of methods to address
the research questions proposed. While we acknowledge that selected issues
may be resolved using a single method, it becomes indispensable to apply
an integrated research approach for the majority. This requires utilizing
quantitative methods (such as simulation, optimization or analytics) and
transferring principles from OM to human-machine interactions. These need
to be based on empirical insights using experimental and field research or
surveys to capture the actual behavior of agents involved and test existing
and nascent theories (DeHoratius and Rabinovich, 2011). Using our devel-

oped systematic framework and theoretical foundation, the combination of
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both lenses will inform OM models, theories and principles (Bendoly et al.,
2006), which ultimately enhances system performance to a greater extent.
We refer to the 3.6.2 for two examples how future research can take such

an integrated path.

3.6.2 Limitations and outlook

The list of research questions in one paper can never be exhaustive. We
mitigate this problem by conducting expert interviews to detect the most
relevant issues to explore this emerging field. By the design of this research,
we have concentrated our efforts on blue-collar, operational activities and
have not extended our perspective on white-collar planning tasks (whether
tactical or strategic). For instance, in control rooms of automated ware-
houses, a common issue is overwriting optimal parameters for automated
systems by operators. This often happens based on individual human pref-
erences, or unknown information. Consequently, future work could explore
issues in these directions. Additionally, we did not focus on integrative
topics for human-machine interactions when the systems are in the early
phase of technological developments and implementation. However, the
systematic framework, theoretical foundation, and unifying themes can
also serve to solve such matters including the alignment of human-machine
navigation (e.g., how to avoid the dominance of humans at intersections
with AMRs), the supervision of robotic systems such as inventory counting
drones (e.g., how to deal with low situational awareness), and the inte-
gration of robotic exoskeletons (e.g., how to increase the acceptance and
usability of such supportive devices). Moreover, due to the novelty of the
systems and interactions, it is not yet possible to derive any inference on the
long-term implications driven by behavioral mechanisms, which constitutes

a further research opportunity.

In conclusion, we see growing opportunities for managerially relevant and

theoretically challenging investigations in the field of human-machine
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interactions in general, and in the context of warehousing in particular.
Elon Musk, CEO of Tesla Inc. and one of the strongest advocates of
technologically induced change, fittingly said: “Humans are underrated.” It
was a reaction to over-automation without balancing human and machine
skills at Tesla’s production facility in California (Edwards and Edwards,
2018). Our contribution will serve to stimulate this line of research and
further enhance the blending of novel automated or robotized warehousing

systems with human factors and behavior.

Appendix

Appendix A: Research Methodology

In the following, we provide additional information on our research method-
ology along the steps within our triangulation approach. We start with
details on how we developed our (1) conceptual foundation, follow with com-
prehensive information on our (2) ezpert interviews, and finally highlight

the procedure of the conducted (3) systematic literature analysis.

A.1 Conceptual foundation

By analyzing seminal research, we sketch out fundamental literature and
concepts to rely on accepted definitions and relationships, and generate
a common understanding across the related research domains of human-

machine interactions in warehousing:
o First, machine-centric operations management offers recent works on

novel automated and robotized systems (including Azadeh et al. (2019)

or Boysen et al. (2019, 2021)), and seminal research on warehousing (such
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as Gu et al. (2007b) or De Koster et al. (2007)). These sources help to
identify which systems and activities result in important interactions and
issues.

o Second, we draw on theories from the human-centric behavioral science
stream that are relevant for behavioral operations (see discussion papers
of Bendoly et al. (2006, 2010), Croson et al. (2013), or Loch and Wu
(2005) for instances). These include, but are not limited to, cognitive
psychology (such as anchoring or framing), social psychology (such as
feedback and control theory, or technological acceptance), experimental
economics (such as incentive schemes or nudging), and group dynamics
(such as teamwork dynamics). In this way, we incorporate existing behav-
ioral theory from related fields, particularly to uncover behavioral aspects
in human-machine interactions (Boyer and Swink, 2008). Additionally,
we leverage the heterogeneity of such theories based on individual char-
acteristics such as personal skills, competencies, behavioral traits (e.g.,
personality types) or demographic aspects (e.g., culture and age). This is
reflected at a later stage by varying such factors in the respective research
questions. We also screen behavioral work in manual warehouses as part
of the analysis (e.g., Batt and Gallino (2019), or Grosse et al. (2015,
2017)).

« Finally, we additionally study foundations of human-machine interac-
tion outside the warehousing domain (e.g., Karwowski (2005); Salvendy
(2012); Sanders and McCormick (1993); Schmidtler et al. (2015); Schulz
et al. (2018)). This way, we also examine the links of theories and vari-
ables within such interactions, and finally, can propose a novel research

approach applied to the context of warehousing.

This research step delivers the foundation for the systematic framework
in Section 3.3, which denotes the relationships among important building

blocks of human-machine interactions in warehousing.
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A.2 Expert interviews

To ensure external validity and enhance the practical relevance, we collect
primary data and conduct semi-structured interviews (McCutcheon and
Meredith, 1993). According to Qu and Dumay (2011), this is particularly
suitable when disclosing important facets of human behavior (see Smith et al.
(2009) or Wu and Pullman (2015) for similar approaches). We interviewed in
total 19 warehouse system providers, warehouse managers and intralogistics
consultants. We applied theoretical sampling for our interviews (Eisenhardt,
1989; McCutcheon and Meredith, 1993), which took place between March
and June 2020 with ongoing data analysis after each interview. We hosted
audio and video conferences that lasted 50 minutes on average. Table
3.A1 provides an anonymous overview of the participants including the
order of the interviews. The selection process resulted in a sample that
shares internal homogeneity (i.e., experts in human-machine interactions for
operational warehousing activities) and external heterogeneity (i.e., experts
from different steps of the value chain) to ensure a holistic approach (see
Wu and Choi (2005) or Trautrims et al. (2012) for examples). The interview
questions (see Table 3.A2) were probing which human-machine interactions
exist in the different operational warehouse activities, and which associated
behavioral issues the experts observe. All interviews were subsequently
transcribed and coded using data analysis software (Miles et al., 2013). At
regular meetings, all authors discussed the codes, categories, and findings
to set aside subjective impressions and come to an objective meaning of
interviewee perceptions to ensure repeatability of our insights (Lincoln and
Guba, 1985). Further information on the interview procedure can be found
in Table 3.A1 and 3.A2. The empirical findings build the main source
for describing the human-machine interactions and identifying the issues.
Seven categories (each category represents one issue) were derived from
the interpretation of the data. Section 3.4 is structured along the seven

issues.
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Table 3.A1: Anonymous overview of interviewees and supplementary information

Code # Company type Interviewee role ‘Warehouse experience Gender
years

1 SP 1 System provider Managing Director > 20 Male

2 WO 2 Warehousing operator COO 10 - 20 Male

3 WO 3 ‘Warehousing operator Head of Intralogistics 10 - 20 Male

4 WO 4 Warehousing operator Operations Manager <5 Female
5C 5 Consultancy Partner 10 - 20 Male

6 C 6 Consultancy Senior Expert > 20 Male

7 WO 7 ‘Warehousing operator Supply Chain Manager 10 - 20 Male

8 WO 8 ‘Warehousing operator Warehousing Manager > 20 Female
9 SP 9 System provider CEO 5-10 Male
10 WO 10 ‘Warehousing operator ‘Warehousing Manager 10 - 20 Male
11 SP 11 System provider Senior Product Manager 10 - 20 Male
12 WO 12 ‘Warehousing operator ‘Warehousing Manager 5-10 Male
13 WO 13 ‘Warehousing operator Logistics Manager <5 Male
14 WO 14 ‘Warehousing operator ‘Warehousing Manager > 20 Male
15 SP 15 System provider CTO > 10 Male
16 SP 16 System provider Senior Product Manager 10 - 20 Male
17 C 17 Consultancy Senior Expert > 20 Male
18 SP 18 System provider Head of R&D 10 - 20 Male
19 WO 19 ‘Warehousing operator Supply Chain Manager > 20 Male

Supplementary information on sampling. We started by screening the global top 20
system providers (Modern Materials Handling, 2019). Four of them reported prominently
about implementing major warehouse automation projects in the press and on conferences.
We invited these four and three participated. We also mirrored the dynamic landscape
for warehouse automation and reached out to three innovative smaller providers for
novel systems identified through press clippings, conferences, and further references.
Two of those joined us for interviews. In the same manner we identified potential
warehouse operators and managers as well as intralogistics consultants, and screened
recent implementations (see e.g., WEKA (2020)), too. We reached out to fourteen
contacts, of which eight operators and three consultants participated. After these 16
interviews many issues and interactions were identified, and the repeatability already
increased from session to session. To ensure we achieved information saturation, we
conducted three more interviews (system provider, warehouse manager and consultant).
As these did not reveal any new insights (i.e., new codes that resulted in interactions or
issues identified), we concluded information saturation for the most relevant interactions
and issues (Holton, 2012). Nineteen interviews is in-line with recommendations to ensure

academic rigor and generalizability (see e.g., Eisenhardt (1989), Guest et al. (2006)).
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Table 3.A2: Guiding questions for interviews and supplementary information

# Guiding questions

1 In which areas or activities in the warehouse do you see significant interactions
among humans and automated machines or robots?

2 In the identified areas or activities, which (behavioral) issues do you see in the
human-machine interaction?

3 In which activities do humans and machines substitute each other; in which
activities do humans and machines work complementary?

4 What behavioral influences does the interaction have on humans (e.g., motivation,

acceptance, attention)?

Supplementary information on interview procedure and analysis. We deal with
the investigation of new structures and processes. Qualitative research is particularly
suitable for such settings (Bryman and Bell, 2015). A semi-structured interview approach
with open-ended questions has been applied to retrieve relevant information and gain
sufficient flexibility, which is appropriate when exploring a rather little-known area of
research (Creswell, 2009; DeHoratius and Rabinovich, 2011; Edmondson and Mcmanus,
2007). We referred to the main operational warehouse activities and potential systems
involved derived from the theoretical foundations to guide through the discussion. After
asking open-ended questions about interactions and issues, probes were informed by
potential associated human factors and behavior. Interviews were conducted in German
with German-speaking participants and in English with other participants. We based
our inductive analysis neither on a deductive logic nor a strict grounded theory approach
(Randall and Mello, 2012), as “data are inextricably fused with theory” (Alvesson and
Kérreman, 2007, p. 1265). The interviews were analyzed in two layers. First, an
objective content analysis was conducted focusing on the identification of relevant human-
machine interactions. In a second layer, we concentrated on the behavioral issues
identified, associated human factors, and the impact on system performance to extract
the underlying behavioral aspect in those interactions (Trautrims et al., 2012). After
establishing relevant human-machine interactions available from the content analysis
in the first layer, the second layer of analysis required deconstruction of the data for
the extraction of tacit knowledge from the interviews. The transcripts were rephrased,
reflected on and compared to create meaningful categories (Eisenhardt, 1989; Trautrims
et al., 2012).
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A.3 Systematic literature analysis

To match the identified issues with existing warehousing research, we per-
form a systematic literature analysis. This ensures a comprehensible and
objective process (Snyder, 2019). We utilize a fourfold approach, starting
with a keyword-based search on Scopus and Business Source Premier. For
the sake of focus, only peer-reviewed articles written in the English language
from 2010 or later that conduct experiments in the context of human factors
or behavioral issues in interactions with automated and robotized ware-
housing systems are considered. Initial screening and selection (including
eliminating duplicates) is conducted by three team members based on title,
abstract and keywords. Subsequently, suitable articles are read and either
included (if they match the above-mentioned criteria) or excluded. Second,
the reference sections of selected articles were screened to identify further
matching work (snowball method). Third, we use Google Scholar to analyze
any articles that cited selected research from step one and two to further
find matching articles. Fourth, manual searches of leading journals in the
field are carried out. As an outcome, we screened a very large number of
papers (2,218) to reflect the interdisciplinary nature of the research. For
further information on the process we refer to Table 3.A3. Ultimately, we
identify 13 articles that are matched to the identified issues in Section 3.4

to mirror state-of-the art research.

To summarize, we utilize the interviews and literature in Section 3.4 within
our issue identification approach. The systematic framework in Section 3.3

developed from the conceptual foundation lines up this discussion
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Table 3.A3: Keywords utilized in literature review and supplementary information

Area A: Area B: Area C:
Warehousing Interaction Human Factors and Behavior
Warehous* Autonom* Behavio* Situational Awareness Training
Intralogistics Robot Human Factor* Motivation Supervisi*
Distribution center Automat* Human Considerati* Satisfaction Moving
AGV Ergonomics Loyalty Operating
Human-machine Psychosocial Fairness Learning
Human-robot Physical Confidence Team structure
Machine Decision making Skills Team setup
Cogniti* Percept*® Diversity
Safety Sens* Resistance
Bias Augment* Commitment
Heuristics Mental Adoption
Trust Think* Stress
Acceptance Information process* Emotion
‘Workload Boredom Attention

Supplementary information. Any combination of the keywords from the first, second
and third area in the abstract, title or keywords qualified for a hit. The keywords from the
first area have been chosen to ensure we target warehouses, while the second area mirrored
the interdisciplinary nature of human-machine interactions. The third area was used to
ensure behavioral experiments and settings were researched. We excluded any paper with
the word data warehouse in the abstract, title or keywords. Additional manual searches
were carried out in the following journals: Management Science, Production and Operations
Management, Journal of Operations Management, Manufacturing and Service Operations
Management, European Journal of Operational Research. A sample of approximately ten
percent of all articles are initially screened by two people in parallel to ensure consistency.
No significant deviations in terms of the articles selected could be identified among the
three members. In the rare event of different classifications, articles are marked as relevant
to avoid missing related research. The search have been updated in December 2021 during
the revision to include recently published papers.

Appendix B: Transferability of findings and integrated
research approaches

In the following Table 3.A4, we show how findings generated for one issue
provide opportunities in additional activities. Subsequently, we highlight
two examples for integrated research approaches when tackling the identified

issues.
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B.1 Transferability of findings

Table 3.A4: Findings on relevant issues may be transferred to other operational activities

Operational activities

Issue Interaction Systems in- R&I S OoP P Related literature
setup volved
[1]  Controlling quality Cooperation Automated  in- v )
using human-machine spection and
complementarities control system
[2] Filling shelves with Collaboration ~AMRs with v V) Pasparakis et al.
autonomous mobile storage function (2021), Roy and Edan
robots (and potentially (2018)
lift & seat)
[3] Building teams in Co-existence Fully au- ) v )
human-robot picking tonomous
setups mobile pick-
ing robots
[4] Distributing work in Cooperation Fully au- ) v Bai et al. (2021),
human-robot picking tonomous Sanders et al. (2019),
teams with  substi- mobile pick- Cragg and Loske
tutable tasks ing robots, Pick (2019)
assignment
machine
[5] Overcoming mental Collaboration  Advanced pick- ) ' ) Kudelska and Niedbal
impoverishment and ing workstations (2020)
physical overload at
advanced workstations
[6] Forming dyads with Cooperation Robotic packing W) ) v Banerjee et al.
robot-assisted packing systems (2015), Maettig and
machines Kretschmer (2019),
Maettig et al. (2019),
Sun et al. (2021)
[7]  Solving the quest of Collaboration  Augmented- ) ) ) v Stoltz et al. (2017),
augmented reality for reality head- Kretschmer et al.

packing

mounted display

(2018), Plewan et al.
(2021)

Examined activity v/, Transferable to (v'); R&I = Receiving & Inspection, S = Storing, OP = Order picking, P = Packing

B.2 Integrated research approaches

As mentioned above, it is important to apply an integrated research approach

for many of the identified issues. For example, when finding the optimal

team structure [3.1], field experiments are suitable for analyzing behavioral

aspects (such as peer effects) and performance metrics with a varying share

of robots. These behavioral aspects can then be included in mathematical

optimizations (e.g., Solow et al. (2020)) that model performance as a

function of the proportion of robots being used by accounting for the actual

human behavior. Hence, decision-making on the optimal number of humans

and robots including the resource allocation can be empirically enhanced to

improve organizational capabilities and system reliability. Moreover, when

finding the most efficient operating model for advanced workstations [5.4],
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behavioral implications of design and setup choices need to be assessed.
One could start analyzing the impact of backlog design options (and the
underlying reasons) on human performance criteria by conducting field
or lab experiments. The results could then be implemented in simulation
studies (e.g., using digital twins) on which backlog design options are
preferred, even with different personality types. Ultimately, this results in
a multi-criteria model that optimizes both throughput and human factors.
These were just two examples out of many that show how future research

can take such an integrated path.
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Abstract In course of the digital transformation, activities in operations management
contexts are prone to automation. Still, humans play an important role in many settings,
and human-machine interactions need to be managed efficiently to ensure smooth
operations. In many of those interactions, machines determine the assignment and
sequencing of tasks, while human workers mainly execute repetitive and monotonous
activities. One downside of such settings is the mental impoverishment of workers which
relates to stagnating productivity coupled with undesired effects on human factors
such as low satisfaction, self-determination, and perceived fairness. To address these
shortcomings, we perform an intervention-based research field study in a semi-automated
grocery warehouse, where we enable human workers to decide the number of picks they
want to perform at their current workstation. While we observe a 5.6% increase in
performance, workers report decreased levels of satisfaction, perceived fairness, and
self-determination. Triangulating surveys, focus interviews, and practitioners’ discussions
revealed that the intervention led to the suspension of informal work arrangements,
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resulting in the deterioration of the human factors. Our insights contribute to the
growing field of addressing behavioral issues in human-machine interactions, and provide
new insights to merits and potential pitfalls of applying goal-setting interventions.
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4.1 Introduction

The interaction of human workers and machines is increasingly becoming
a central component of operations management research (e.g., Sun et al.
(2021)). For decades, expanding automation and robotization has been
the focal point across operations contexts to achieve faster throughput
times, reduced costs, and higher service levels (IFR, 2020). Still, automated
systems are often jointly utilized with humans as manual workers have
certain advantages in flexibility and skills, resulting in a variety of human-
machine interactions (Lorson et al., 2022; Olsen and Tomlin, 2020). In many
of those interactions, machines determine the assignment and sequencing
of tasks, while human workers mainly execute repetitive and monotonous
activities (see, e.g., Bai et al. (2021); Sun et al. (2021); Wang et al. (2021)).

This particular division of work causes novel behavioral issues within human-
machine interactions. Mentally, the machine governs most steps of the
working process and dominates the decision-making, whereas simple, repet-
itive, and physically exhausting tasks need to be completed by the humans.
Among others, many companies across operations and logistics experience
lower levels of human satisfaction (McKinsey & Company, 2021b), self-
determination (Parasuraman et al., 2000), and perceived fairness (Langer
and Landers, 2021; Newman et al., 2020; Robert et al., 2020) that can
relate to the mental impoverishment of employees (Lorson et al., 2022).
Not surprisingly, stagnating operational worker productivity and overall
system performance paired with high employee turnover are common con-
sequences (McKinsey & Company, 2021b). While maximizing performance
for repetitive and monotonous operational activities plays a major role
in many organizations’ success (Bernstein, 2012; KC, 2020; Staats and
Gino, 2012), little research is available to account for the particularities
of human-machine interactions. Thus, existing empirical findings and be-
havioral theories on managing human factors and worker productivity (see
Bendoly et al. (2006, 2010); Croson et al. (2013); KC (2020)) need to be
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leveraged and extended to solve this behavioral issue for human-machine

interactions.

One promising approach is the introduction of goal-setting interventions for
human workers. Working towards goals has successfully increased perfor-
mance across different contexts, subject groups, geographies, and sources
of the goal (Corgnet et al., 2015; Goerg and Kube, 2012; Schultz et al.,
2010; Van Lent and Souverijn, 2020). Particularly, goal-setting applications
also improved human factors (Locke and Latham, 2002) within operations
management contexts. For example, Doerr et al. (1996) demonstrate how
individual goals improve worker satisfaction. Setting participative goals
includes the human worker into the decision-making process of her activities,
which has shown to be a source for self-determination (see Deci and Ryan
(2000); Deci et al. (2017) for overviews) and a significant factor in the
evaluation of fairness (Cropanzano et al., 2008). Given that goal-setting is
an important facet within operations management (Bendoly et al., 2010)
with potential to solve mental impoverishment and stagnating performance
of workers, an extension of the theory towards human-machine interactions

of blue-collar workers in operational activities is promising.

Our research aim is to improve the human-machine interaction by intro-
ducing a participative goal-setting intervention in a blue-collar operational
context. We hypothesize that such intervention improves both system
performance and satisfaction, self-determination, and perceived fairness.
This leads to the research question: How is a participative goal-setting inter-
vention impacting performance and human factors within a human-machine

interaction for an operational, monotonous activity?

To approach this, we conduct a field study within an Intervention-Based
Research (IBR) approach (Chandrasekaran et al., 2020; Olivia, 2019),
which has been successfully utilized in behavioral research questions across
operations management contexts (Akkermans et al., 2019; Chun et al.,
2022). It particularly provides the opportunity to observe human actions

and behavior in monotonous processes over a longer period. We choose
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order picking within a warehouse as our research context where humans and
machines jointly work together to finish the picking task, with human
activities being highly monotonous and repetitive. The presence and
importance of behavioral issues within the human-machine interaction
in this setting will allow us to obtain generalizable insights. To do so,
we collaborate with a warehouse to introduce an intervention within a
semi-automated order picking zone. We design a participative goal-setting
intervention in which pickers are able to choose how many items they

want to pick at their current workstation out of a set of five pick numbers

(goals).

To facilitate the intervention, we draw upon the “Context-Intervention-
Mechanisms-Outcomes” (CIMO, see Denyer et al. (2008)) framework, which
is frequently used in IBR (e.g., Akkermans et al. (2019); Friesike et al.
(2019); Groop et al. (2017)). We analyze the effect of the intervention in
a real-world field study with pickers over the course of eight weeks. The
picking performance improved by 5.6% during the intervention compared
to pre-intervention, suggesting that goal-setting is a suitable approach to
increase system performance in monotonous human-machine interactions.
This result is replicated across a set of robustness checks, including a
Difference-in-Differences analysis considering a control warehouse. However,
employee satisfaction, self-determination and perceived fairness deteriorated
compared to pre-intervention scores and to a control group that was not
part of our intervention. The negative impact on human factors was
further explored by triangulating two types of human factor surveys, focus
interviews, in-depth process analyses, and discussions with the respective
practitioners. We could observe that the goal-setting intervention suspended
informal arrangements among workers. Specifically, the intervention affected
possibilities for humans to informally organize themselves in their working
day and to overrule the machine, with repercussions on satisfaction, self-

determination and perceived fairness.

Our research offers theoretical and practical contributions to operations

management. First, we demonstrate that the goal-setting intervention
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indeed has the potential to improve performance in highly physical, opera-
tional activities without any kind of monetary incentives, and extend the
theory given the potential pitfall of affecting informal arrangements and
their influence on human factors. Second, we demonstrate that behavioral
aspects of individuals and teams are important and need to be accounted for
when designing human-machine interactions and the associated workflows
and processes. This is in particular a contribution to the warehousing
literature where human factors have been mostly ignored in prior work
related to automation (Azadeh et al., 2019; Boysen et al., 2020; Yuan
et al.; 2019). Third, we illustrate the value of conducting an IBR study
in warehousing. Running interventions during the regular course of action
in a warehouse setting enables us to draw robust inferences and general
insights that normal lab experiments are not able to reveal, such as effects

of informal work arrangements as in our study.

The remainder is organized as follows. Section 4.2 details our research
methodology. We follow with a detailed explanation of the empirical setting
and research design using the CIMO framework in Section 4.3. Section
4.4 highlights results, while Section 4.5 discusses those from a managerial
and theoretical perspective. We close in Section 4.6 with a conclusion and

outlook.

4.2 Research methodology

This study follows an IBR approach (Chandrasekaran et al., 2020; Olivia,
2019) which has been applied to tackle complex behavioral research questions
in many operations management contexts such as inventory management
(Land et al., 2021), scheduling (Ohman et al., 2021), manufacturing (Heden-
stierna et al., 2019) or healthcare (Anand et al., 2021; Chun et al., 2022;
Song et al., 2018). As we aim to explore reasons behind potential changes
in system performance and human factors, an IBR study is appropriate to

identify how individual workers and teams behave and are affected during
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the intervention (Langley et al., 2013; Olivia, 2019). In this way, following
an IBR approach requires further in-depth analyses of observed human
behavior, interactions, and processes to better understand and explain
unknown phenomena. This supports detecting unexpected findings and
triggers abductive reasoning to elaborate on the outcome of the research.
We leverage the IBR approach across our study to obtain empirical findings,
analyze the outcomes, and enhance existing theories. By doing so, the
continuous iteration among empirical evidence obtained within an IBR
study and existing behavioral theories enhances the theoretical insights in

operations management (Chandrasekaran et al., 2020).

Analyzing repetitive and monotonous operational activities requires to
capture agent and team behavior over a longer term during the normal course
of business. Working monotony and behavioral issues related to mental
impoverishment develop over time and thus require investigations in settings
where agents are already active for a longer period. Furthermore, these
repetitive and monotonous activities are subject to distinctive characteristics
(such as mental and physical impact within the human-machine interaction),
workflows and processes (such as developed job routines), and specific team
dynamics (such as pre-existing relationships among workers or informal team
arrangements for working procedures). Field research allows to effectively
investigate such behavioral facets in established team settings and human-
machine interactions. It further offers the opportunity to demonstrate
external validity and still understand phenomena in detail (Ibanez and
Staats, 2018). In this way, an IBR field study offers the chance to move
away from the quintessential “ivory tower” syndrome (Van Aken et al.,
2016; Van Mieghem, 2013) and also to go beyond expected results as some
influencing factors on operational performance and human behavior may
not be obvious before. IBR in the field thus can generate new empirical and
theoretical insights by closely iterating between practice and theory (Van
Aken et al., 2016). Accordingly, a field study with an industry cooperation is
well suited for enhancing empirical findings in operations management and
behavioral science by observing human actions and behavior in monotonous

daily working processes over a longer period of time.
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To do so, we choose order picking in warehouses as our research context
for three main reasons. First, the controllable and structured environment
makes warehouses popular incubators for the development and application of
innovative automated and robotized systems (Azadeh et al., 2019; Fragapane
et al., 2021). As of now, such systems often only take over part of the
operational activity (e.g., order picking), since humans have distinctive
characteristics, skills and capabilities that robots are not able to replicate
or able to perform cost efficiently (Gombolay et al., 2015; Schéfer et al.,
2022; Sgarbossa et al., 2020). As a consequence, humans and machines work
alongside each other, resulting in a variety of human-machine interactions
and behavioral issues (Lorson et al., 2022; Olsen and Tomlin, 2020). The
necessary collaboration of human operators with a growing diversity of
machines including resulting behavioral issues thus exposes warehousing
as an unique research area for human-machine interactions. Second, the
human task of order picking consists of repetitive physical motions such
as walking, grabbing, scanning and putting, making it a generic example
of a monotonous task where issues related to mental impoverishment and
stagnating worker performance are present. While our direct context of
research is warehousing, we expect our findings to be generalizable across
similar tasks in different applications across operations management. Third,
enhancing the value of human factors becomes increasingly relevant in
warehousing. Given the ongoing labor shortage and high worker turnover,
a recent shift in the perspective on blue-collar labor from an exchangeable
resource for completing open jobs to a valuable asset for smooth and
sustainable operations with the potential for productivity improvement,
was observed in warehousing, but holds true as well as for other operations
areas (McKinsey & Company, 2021b).

Table 4.1 summarizes the phases of our IBR study that are highlighted

below.
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Table 4.1: Research phases and timeline

(1) Pre-intervention (2) Intervention (3) Post-intervention

Aug 2020 - Jan 2022 Feb - Mar 2022 Apr - Aug 2022

e Interview warehouse, e Brief pickers about e Analyze the effect of the
provider, warehouse adjustments in workflow intervention and report on
manager, and pickers e Conduct intervention results

e Explore and identify e Collect system performance o Identify how individual
behavioral issues in data pickers and team leaders
order picking e Survey human factors participated and are

e Determine type including control group affected
of intervention e Host focus interviews with e Provide theoretical

e Program intervention and pickers explanations for outcomes

adjust front-end for login
e Beta-testing intervention

(1) Pre-intervention A leading warehouse system provider served as
business and thought partner to identify relevant behavioral issues in the
field. Upon selecting a suitable research site of a grocery retailer and
embarking on the project jointly with the respective warehouse manager,
we conducted a series of interviews, ran data analyses, and picked on-site
with the employee group to gain first-hand experience. After identifying
the most prevalent issues, we started analyzing potential approaches and
designed an intervention based on feasibility, impact, and research gap.
A software engineer programmed the intervention in the back-end of the
warehousing software and created a suitable front-end design based on
the conceptual input of the research team. Within this process, several

beta-tests have been conducted to ensure a smooth execution.

(2) Intervention The intervention was started within a representative
period to avoid any operational and load-related distortions (e.g., due to
public holidays). Before going live, we had detailed group briefings on the
functionalities. We started the intervention with the goal to conduct the
study for five weeks, however, were able to run it for eight weeks. During
this time, we collected the system performance data in the same manner
as pre-intervention to ensure a comparable data foundation. To survey
human factors, the pickers filled out weekly questionnaires one week prior

and during the implementation. Additionally, we hosted focus interviews
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five weeks after the intervention. We also run the surveys with a control
group of employees in a different part of the warehouse that was not part

of our intervention.

(3) Post-intervention After completion of the intervention study, we
analyzed the effect of the intervention and elaborated on the outcomes.
The conducted focus interviews with pickers and shift leaders as well as
discussions with the warehouse manager and department head about the
observed findings allowed us to generate tacit knowledge about picker

actions and behavioral aspects.

4.3 Research design and empirical setting

The CIMO framework of Denyer et al. (2008) is used to develop our study
and lines up this section. It is one of the dominantly used research designs
in IBR studies (see, e.g., Akkermans et al. (2019); Groop et al. (2017);
Ik et al. (2020); Johnson et al. (2020)), and structures the analysis and
implementation of organizational interventions including information on
the specific context (C) in which the intervention (I) is implemented, while
elaborating on the mechanisms (M) that drive the expected outcomes (O)

(Friesike et al., 2019). Figure 4.1 shows an overview.

Context — BERCIAYERI N —— EVECERN G — Outcomes

* Monotonous operational + Goal-setting intervention « Higher engagement based « Improved system
picking process in a semi- which enables pickers to on an increase in effort, performance measured in
automated human-machine choose the number of picks energy and persistence of picks per person hour
interaction per workstation pickers within the human- .
e (R ErEE s « Positive effects on human
« Stagnating system + Additional information factors across satisfaction,
performance with intra- provision in the form of + Reduced average time at self-determination, and
employee variance and goal-attainment status and workstations due to higher perceived fairness
employee turnover workstation priority data amounts of workstation

changes triggered by the
maximum amount of pick
per workstation

« Behavioral issues across
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