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Abstract: At the core of every high-performing warehouse is an efficient order 

picking (OP) system. To attain such a system, policy choices should be carefully 

aligned with subjects responsible for the actual picking within the established 

system. Despite recent advancements in automating the picking process due to 

Industry 4.0, human operators will continue to play a crucial role in the future of 

warehousing. However, unlike robots, human operators have specific skills, 

conduct, and perceptions, which are only partly accounted for in current planning 

models. This review adopts a multimethod approach to identify and analyse how 

these phenomena are currently integrated into OP planning problems. In addition, 

we assess the relevance and adequacy of human factors modelling in academic 

literature with practice-based insights gathered via semi-structured interviews. 

This leads to five major human factors integration constructs and dedicated 

recommendations on how to refine them. We then take the analysis one step further 

and make suggestions on how to integrate these constructs with leading research 

methodologies in the context of Industry 5.0. The results highlight the prevalent 

need to increasingly account for psychosocial phenomena and their impact on 

operational performance. Future research opportunities provide a substantiated 

foundation to assist in human-centric work design. 

Keywords: logistics, warehouse operations management, human factors, 

literature review, multimethod approach, Industry 4.0, Industry 5.0 
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1. Introduction

Rigorous operational planning enables warehouses to remain resilient and competitive 

when coping with current and upcoming logistic challenges. These challenges, such as 

globalisation and changes in consumer purchasing behaviour, lead to an intensified 

competitive business environment in which warehouses process many orders within 

stringent time windows (Marchet, Melacini, and Perotti 2015). Several prominent 

activities, such as receiving, storing, picking, and shipping stock keeping units (SKUs), 

are performed in a warehouse. Among all the activities, order picking (OP), defined as 

the process of retrieving products from their storage location in a warehouse, is found to 

be the costliest (Tompkins et al. 2010). Consequently, previous research efforts have 

focused on the most efficient way of organising the order picking task. Warehouse 

managers often focus on short-term normative optimality, such as taking measures for 

attaining daily targets without considering their long-term repercussion, to minimise the 

costs related to OP (Vanheusden et al. 2022). However, a driving force behind these costs 

is the degree of congruence between the system’s configuration, stipulated by the OP 

planning, and the subjects operating in this system (Glock et al. 2017; Gajšek et al. 2020). 

In other words, a paradigmatic shift towards a holistic harmonisation of the subjects who 

pick orders and their planning is vital to fulfil customers’ requirements efficiently. 

On the one hand, OP planning entails the ensemble of strategic, tactical and 

operational decisions that determine how an order picking system is organised. Van Gils 

et al. (2018) provide a comprehensive review of these planning problems. The resources 

that operate within the configured OP system, such as humans or robots, have inherent 

capabilities, conduct, and interdependencies, which also need to be considered (Grosse et 

al. 2015; Pasparakis, De Vries, and De Koster 2021). Michel (2016) estimates that no 

more than 10% of all warehouses can be categorised as parts-to-picker despite the 
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growing interest in automated warehouses. Moreover, he found that less than 3% of all 

warehouses are entirely automated. In fact, according to Azadeh, De Koster, and Roy 

(2019), about 40 warehouses in Western Europe were fully automated and operational at 

that time. Since the vast majority of modern-day warehouses still (partly) rely on human 

participation for their day-to-day operations (M14 Intelligence 2021), human operators 

are currently omnipresent in warehouse environments. 

Despite their presence, human operators and their mutually distinctive 

characteristics are often not or unrealistically reflected in planning models (Boudreau et 

al. 2003). To date, the apprehensions of Boudreau et al. (2003) are still relevant and 

frequently resonate within more recent literature (e.g. Neumann and Village 2012; 

Ostermeier 2020; Sgarbossa et al. 2020; Gräßler, Roesmann, and Pottebaum 2021). In 

addition, the advent of Industry 4.0 (I4.0) has radically altered the role of human operators 

in operating systems, while appropriate interactive human-technology considerations still 

lag behind (Neumann et al. 2021). I4.0 symbolises the technology-oriented development 

of advanced digitalised and automated work environments (Frank, Dalenogare, and Ayala 

2019). Winkelhaus, Grosse, and Morana (2021) consolidate findings from the I4.0 

research stream and apply them in an OP environment, establishing key characteristics of 

OP 4.0. The authors explicitly refer to human factors in their definition of OP 4.0, thereby 

alluding to the recent emergence of Industry 5.0 (I5.0). The latter is a complementary 

stream which aims at overcoming the shortcomings of I4.0, for example by paying more 

attention at social outcomes and human-centric work design (Breque, De Nul, and Petridis 

2021). In an OP-context, the transition from I4.0 to I5.0 is thus one that shifts attention 

away from a sole focus on technology as such towards a holistic integration of new 

technologies with sustainable worker and societal welfare. For example, where I4.0 

focused on the introduction of collaborative robots to increase the efficiency of the 
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picking process, I5.0 goes beyond and additionally optimises the human-robot 

collaboration such that increments in productivity do not come at the expense of picker 

well-being. Studies have already shown that an organisation that pays little attention to 

the characteristics of individual employees is more likely to induce worker 

dissatisfaction, chronic stress, employee turnover, and burn-outs (Devi, Munuswamy, and 

Jasim 2019; Min 2007). Since the (un)availability of qualified labour (also known as the 

‘war for talents’) directly affects warehouse productivity, companies should be 

incentivised to prevent employee shortages, as these may negatively affect their 

competitiveness (Min 2004). Although the sophisticated technologies in I4.0 entail some 

challenges, they most certainly provide major opportunities in light of I5.0 as well 

(Breque, De Nul, and Petridis 2021). Neumann et al. (2021) show the existent gap 

between human considerations in I4.0 systems and the resulting impact on employees and 

society. Although earlier works studied worker-specific factors in a generic industrial 

context (Larco 2010), Grosse et al. (2015) were the first to systematically investigate the 

same premise in the specific context of order picking and detected a prevalent 

disconnection between OP planning and the rigorous consideration of human operators. 

Recently, some OP researchers have invoked insights from the Human Factors (HFs) (or 

ergonomics) discipline, which aims to improve worker well-being and operational 

performance (Bridger 2017). However, studies that integrate human factors into OP 

planning are still scarce (Grosse et al. 2015). In order to reap the benefits from the I4.0-

to-I5.0 transition, it is crucial to understand how HFs are currently integrated in OP 

planning, such that tailored research directions with regards to human-technology 

interaction can be proposed. Prior review articles already mapped out which HFs are 

significant in OP (Gajšek et al. 2017; Grosse et al. 2015; Grosse, Glock, and Neumann 

2015; 2017; Grosse et al. 2017; Vanheusden et al. 2022). However, very little attention 
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has been paid to the methodological manner in which these HFs are concretely integrated 

in OP planning models. Recent review papers, such as Vanheusden et al. (2022), succeed 

in grouping relevant HFs, but lack a more in-depth discussion on how these HFs should 

be concretely integrated into planning problems. Moreover, they often resort to a purely 

literature-based research approach, thereby missing out on the enriching potential of 

additional research methods. Such complementary methods (e.g. qualitative research) 

may shed a unique and original light on the topic at hand, uncovering several new research 

avenues in light of the I4.0-to-I5.0 transition. In addition, review articles which 

specifically focus on I4.0-related topics are either not explicitly tailored to the OP process 

(Sony and Naik 2020; Reiman et al. 2021; Kadir, Broberg, and Conceição 2019), or are 

to a lesser extent focussed on the modelling part (Neumann et al. 2021; Winkelhaus, 

Grosse, and Morana 2021). Sun et al. (2019) conclude that future research should not 

only focus on which, but also on how relevant human factors can be included in 

operations planning and which methodologies should be used. 

The realisations of the paper at hand are threefold. First, it bridges the gap between 

practice-based user requirements and their conversion into academic modelling features. 

Unlike prior review articles that predominantly examined which HFs should be integrated 

(e.g. Grosse et al. 2017 and Vanheusden et al. 2022), we focus on how HFs can be 

integrated to attain models that improve either operational performance, worker well-

being, or both simultaneously. We identify methodological practices from the literature 

and classify them to present a comprehensive overview of approaches to integrating HFs 

into OP planning. Hence, we approach the consideration of HFs in OP from a very unique 

angle compared to recent reviews (e.g. Vanheusden et al. (2022)), resulting in tailored 

and foremost original insight and research opportunities. Second, since this paper 

corroborates human-centric planning design, we confront academic modelling practices 
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with practice-based insights. In line with the I4.0-to-I5.0 transition, we consciously 

account for the opinion of pickers during semi-structured interviews. Being the ones that 

actually work in the configured system, order pickers can shed a very unique light on the 

respective matter. This multimethodological approach allows us to identify the quality, 

adequacy and gaps of existing modelling constructs, a unique approach compared to other 

review articles in this research domain. Third, we conceptualise HFs in OP with regard 

to human-technology interaction by associating theory-practice (dis)similarities with 

insights from the I4.0 research stream. In order to avoid incompleteness and 

preconceptions in the assessment of OP systems, our analysis starts with a dominant focus 

on HFs in OP. Thereafter, findings are tailored to the I4.0-to-I5.0 transition. According 

to Kadir, Broberg, and Conceição (2019), a human factors and ergonomics approach is a 

highly valuable research perspective for analysing and understanding human-centric 

work design in Industry 4.0. Our main contributions are as follows. First, we conduct a 

systematic review of the literature and include an up-to-date and broad spectrum of 

research methodologies in OP planning. Hereby, our focus is on quantitative methods, 

i.e., the statistical, mathematical, or numerical analysis of (collected) data. Studies that

solely focus on qualitative methods are not considered, despite their value for advancing 

research on OP, albeit from a different perspective. Second, we cross-check academic 

research outputs in this field with the concerns and desires of pickers and their 

supervisors, which is a fairly innovative approach in this field. Finally, we propose a 

holistic starting point to support future research with guidelines that originate from the 

literature and on-the-job experiences. In this way, managers and academics find sufficient 

opportunities to facilitate the I4.0-to-I5.0 transition.  

The remainder of this paper is structured as follows. Section 2 elaborates on the 

multimethod approach and its constituting elements. In Section 3, we conduct an in-depth 
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analysis and cross-check academic practices and interview findings and raise implications 

for the I4.0-to-I5.0 transition. Section 4 synthesises the results and provides generic 

guidelines for future research and Section 5 concludes this paper and briefly touches on 

its limitations and managerial implications. 

2. Methodology

We first provide a holistic understanding of human-centric modelling by assessing current 

methods to integrate human factors in order picking planning problems. This induces an 

approach that captures the interface between academic research and practitioners’ 

interests. Multimethod approaches are suitable for coping with these types of 

investigations (Singhal et al. 2008). Such an approach involves applying more than one 

research method to investigate a certain research question with the aim of fusing each 

method’s strengths and providing insights from different angles (Lewis-Beck, Bryman, 

and Liao 2004). Therefore, we first conduct a systematic review of the literature on human 

factors in order picking planning. In general, literature reviews provide a comprehensive 

and up-to-date overview of the state-of-the-art in one specific research domain (Choi, 

Cheng, and Zhao 2016; Snyder 2019). They are regularly enriched with potentially 

fruitful research avenues for academics and practitioners, which is also the aim of this 

paper. To increase the potential for practical applications, researchers can combine 

literature studies with expert focus groups or interviews (Davarzani and Norrman 2015; 

Setayesh et al. 2021). Studies by Boudreau et al. (2003) and Ryan et al. (2011) highlight 

the importance of embracing qualitative research in pursuit of high-quality Operations 

Management models. Trends within academic research may be opposed to 

preoccupations of practitioners, allowing to scrutinise the plausibly pending theory-

practice gap. For this reason, we complement our literature review with semi-structured 
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interviews with both order pickers and supervisors. This type of interview is highly 

valuable for data collection on behavioural issues in an order picking context (Grosse et 

al. 2016). Additionally, the involvement of actors with different hierarchical positions 

and related responsibilities allow to uncover possibly conflicting viewpoints on the same 

matter, thereby enriching our analysis. 

2.1 Literature review 

Figure 1 summarises the scope of this review. In general, order picking planning problems 

yield a set of policy choices at three organisational levels. Altogether, these policy choices 

constitute the OP-system which is the cornerstone of every company’s internal 

warehousing operations. However, the consistent consideration of human factors during 

decision-making has been out of scope in many research papers. The dotted arrows in 

Figure 1 are currently only scarcely embedded in this process. The scope of this review 

is aimed at these dotted arrows, and more precisely their interference in the decision-

making process. The considered set of OP planning problems is primarily based on the 

classification of Van Gils et al. (2018), whereas the generic human factors categories (i.e. 

physical, mental, perceptual, and psychosocial) are adopted from Grosse et al. (2015). 

The latter framework is extended with “skills”, as this HF-category is frequently 

employed in related industrial domains, such as manufacturing and schedule modelling 

(e.g. Norman et al. 2002; Techawiboonwong, Yenradee, and Das 2006; Attia, Duquenne, 

and Le-Lann 2014; Ogbeyemi et al. 2021), and appears more and more in OP literature 

(e.g. Matusiak, De Koster, and Saarinen 2017; Vanheusden et al. 2022). In this way, an 

all-embracing view on HFs in an industrial context is adopted. 
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Figure 1. Scope of the review. 

We used Denyer and Tranfield’s (2009) review protocols as guidance to cover all relevant 

literature and ensure a transparent scientific approach. The first step involves identifying 

relevant papers for the scope of this research. We, therefore, conducted a keyword-based 

search on three different databases, i.e. Scopus, Web of Science and Google Scholar (see 

Appendix A). In the next step, we formulate selection criteria (SC) to further align the 

literature sample with this study’s scope. We then apply the following two criteria for the 

legitimate and transparent inclusion or exclusion of papers from the sample while 

reviewing their title, keywords, and abstract. 

• SC1: No duplicates, written in English, only research papers published in peer-

reviewed journals or conference proceedings, i.e., excluding review papers

• SC2: A clear focus on human factors and the order picking process; The paper

should look at, analyse, or model human-related phenomena in an order picking

(or warehouse) context.

Finally, selection criteria 3 was applied when reading the full papers to further 

refine the sample. 
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• SC3: Only relevant papers should be included.

A paper is deemed relevant if its principal focus is on the integration of HFs in 

OP planning problems, which we define as ‘the rigorous consideration and incorporation 

of human conduct, capabilities and/or interdependencies, whose impact on operation 

outcomes or worker well-being is explicitly examined and substantiated when planning 

the order picking process’. This implies that we only consider papers that quantitatively 

examine multiple policies for at least one planning problem and account for at least one 

human factor, as visualised in Figure 1. 

Papers that did not comply with these selection criteria were excluded from the 

final literature sample. In addition, as this respective research area is relatively nascent 

and the usage of uniform terminology is still in progress, we decided to use a snowball 

search approach. In particular, a combined forward and backward reference search was 

conducted. The resulting papers were reviewed under the very same scrutiny as the initial 

paper sample to assess their eligibility for inclusion in the final sample. This approach is 

highly suited to overcome the burden of incompleteness as a result of inconsistent 

terminology (Lecy and Beatty 2012) and is frequently used in other related literature 

reviews, e.g. Boysen, De Koster, and Weidinger (2019) and Grosse et al. (2015). This led 

to a sample of 57 papers. Figure 2 depicts a general overview of the sampling process. 
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Figure 2. Flowchart of study search and inclusion process. 

Figure 3 shows how the cumulative number of papers in our sample has evolved 

throughout the years. The convex shape of the trend line indicates a growing interest in 

the topic over the past few years. Figure 4 lists the journals in which the sample articles 

were published. 
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Figure 3. Cumulative time distribution of reviewed articles. 

Figure 4. Journals of reviewed articles. 

2.2 Expert interviews 

We decided to include experts’ input for external validity and future practicality (Carter 

2008). Hereby, we aimed to elicit and exploit the tacit knowledge, concerns, and 

experiences embedded in employees who pick orders on a daily basis and their 

supervisors (Ferrari, Spoletini, and Gnesi 2016). Participants were selected on the basis 
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of a purposive sampling strategy to ensure a broad spectrum of expert perspectives 

(Lewis-Beck, Bryman, and Liao 2004; Robinson 2014). For example, pickers were 

selected to include diverse ethnicities, personalities, physical characteristics, etc. To 

ensure a sufficient degree of representativeness, we purposefully identified well-

established companies with different working conditions and environments. Furthermore, 

only companies with a mature operations strategy and a sufficient share of manual 

activities were considered. As a result, four major warehouses from various industries in 

the Flemish area were carefully selected and contacted. Since this research could bear 

mutual benefits, all four decided to participate in our study and delegated order pickers 

and supervisors. The warehouses differ in terms of rack type (pallet or shelf), ambient 

working temperature (refrigerated or not), product properties such as weight and scale, 

assistive technical equipment (e.g. barcode scanner or pick-by-voice), and job rotation 

possibilities. A direct consequence of this plurality in working conditions is the rigorous 

coverage of many order picking system facets and related worker preoccupations. In close 

consultation with the involved companies and to avoid an unevenly distributed company 

representation, we aimed to interview 6 to 8 pickers per company. This setting led to a 

sample of 29 participants (summarised in Table 1) with whom we each conducted a semi-

structured interview that lasted for an average of 50 minutes. This interview type elicits 

information from an employee’s viewpoint and keeps the degree of preconception to a 

minimum, which is a direct result of open-ended questions (Grosse et al. 2016). In 

addition, our sample follows recommendations to assure sufficient academic rigor 

concerning sample size (Guest, Bunce, and Johnson 2006; Hennink, Kaiser, and Marconi 

2017). Before the interviews, we shared our questions with practitioners and engaged in 

a focus group discussion to finetune the final interview guide, which encompassed aspects 

related to picker well-being, perceptions regarding working conditions, and the impact of 
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those aspects on picker performance. These respective aspects were inspired by the 

current state-of-the-art in this research domain. 

Most interviews were held online due to the COVID-19 pandemic and related 

precautionary measures that impeded physical company visits. However, person-to-

person interviews do not grant significantly better data per se compared to other interview 

settings (Knox and Burkard 2009). Since most interviews could be conducted via online 

videocall, both verbal and non-verbal communication could be observed. The interviews 

were conducted in Dutch with Dutch-speaking employees (avg. age: 37.48 (std: 12.13); 

avg. experience: 9.69 (std: 6.96); 9 females, 20 males) and both video and audio were 

recorded. After the interview, these data were rigorously transcribed and coded to identify 

emerging themes and uncover new insights through thematic analysis (Grosse et al. 2016; 

Wildemuth 2016). 

Table 1. Summary of the interview participants. 

Interviewee Company Gender Age 

(in years) 

Job role Experience 

(in years) 

1 A Female 36 Picker > 16

2 A Male 52 Picker < 4

3 A Female 24 Picker < 4

4 A Male 28 Picker 4 - 8

5 A Female 49 Supervisor > 16

6 A Female 37 Supervisor 8 - 16

7 B Female 23 Picker < 4

8 B Male 33 Picker 4 - 8

9 B Male 40 Picker 4 - 8

10 B Male 23 Picker < 4

11 B Male 54 Picker < 4

12 B Male 19 Picker < 4

13 B Male 29 Supervisor 4 - 8

14 B Male 34 Supervisor 8 - 16

15 C Male 36 Picker 8 - 16

16 C Male 55 Picker 8 - 16

17 C Male 22 Picker < 4

18 C Male 52 Picker > 16

19 C Female 29 Picker 4 - 8

20 C Male 37 Picker 8 - 16

21 C Male 37 Supervisor > 16

22 C Female 39 Supervisor < 4

23 D Male 29 Picker 4 - 8

24 D Female 55 Picker 4 - 8

25 D Male 63 Picker 4 - 8

26 D Male 25 Picker < 4

27 D Female 49 Picker > 16

28 D Male 49 Picker 8 - 16

29 D Male 29 Supervisor 8 - 16
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3. Analysis

Reviewed articles can be classified in numerous ways. Unlike previous literature reviews 

that resorted to the five generic HF categories (physical, mental, psychosocial, perceptual, 

and skills), or that classified papers based on the examined OP planning problem, this 

review rather focuses on the employed research methodology and modelling constructs. 

The underlying thought for this perspective relates to the aspiration of providing a hands-

on toolset whose inherent intuitiveness promotes and facilitates human factor integration. 

Against this backdrop, we present a detailed discussion of modelling constructs (Section 

3.1), their relation to the I4.0-to-I5.0 transition (Section 3.2), research methodologies 

(Section 3.3), and how they fit together (Section 4). Appendix B provides a 

comprehensive overview of the discussed papers. 

3.1 Modelling constructs 

Order picking planning problems can only lead to accurate and adequate policy choices 

if human factors are considered during the decision-making process (Grosse et al. 2017). 

Normative models should therefore be enriched with additional modelling functionalities. 

Boudreau et al. (2003) highlight seven assumptions (see Appendix C) that are frequently 

employed by researchers to simplify their models, thereby disregarding the consequences 

that these simplifications may have on the decision-making outcomes. The authors 

advocate a paradigmatic shift towards human-centred models to capture the inherent 

interaction between operations and human resources. Based on these seven assumptions, 

insights from interviews with practitioners, and a thorough analysis of our literature 

sample, we distinguish five main HF integration constructs (hereafter referred to as 

modelling constructs) that each converts relevant human-centred phenomena into 

modelling functionalities:  
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• Varying work rates

• Quantitative physical state indicators

• Stochastic worker behaviour and work execution

• Subjective worker experience and judgment

• Socio-demographic worker differentiations

Modelling constructs refer to explicit variables or mathematical expressions that 

researchers can integrate into their models, rather than the generic HF categories. 

Accordingly, they should be considered as a way to integrate HFs into OP planning 

problems to support and enhance policy choices when configuring the OP system. These 

five modelling constructs are collectively not exhaustive but rather principal constructs 

that cover best practices to integrate human factors in order picking planning problems. 

They are also not mutually exclusive, which means that occasional overlap between the 

modelling constructs could occur. In subsections 3.1.1 to 3.1.5, we discuss each of the 

constructs, how they address concerns raised by Boudreau et al. (2003), how they are 

used in current academic research papers, and their relevance in industrial environments. 

3.1.1 Varying work rates 

The time it takes an industrial worker to complete a task is characterised by a certain 

degree of variability (Dudley 1968), of which the worker himself is claimed to be the 

most significant source (Doerr and Arreola-Risa 2000). In an order picking context, this 

implies that pickers exhibit distinctive task execution times such as pick time, search time, 

and walking time. The same claim is made by Boudreau et al. (2003), who argue that 

modellers often portray workers as identical and stationary. In reality, however, we see 

that pickers differ in task completion times and that individual task completion times are 

prone to a certain degree of stochasticity and may even change over time. We thus 
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distinguish between static, dynamic, and stochastic varying work rates (VWRs). 

Static varying work rates in OP literature 

The among-picker differences in work rate that remain steady over time are called 

static VWRs. It is reasonable to assume that job performance differences among pickers 

will not change significantly in the absence of phenomena such as training, learning, 

forgetting, boredom, etc. Several papers in our literature sample use this premise. Feng 

and Hu (2021) differentiate in upper and lower bound unit pick time among pickers due 

to intrinsic differences in working habits when configuring the order batching and 

sequencing in a vegetable OP environment. In the context of an apparel retailer, Batt and 

Gallino (2019) investigate the task assignment and routing problem, subject to the effect 

of different levels of experience among a cohort of pickers. Although their model can 

differentiate pickers in terms of pick performance, it omits the impact of an increased 

experience level after every single pick for each picker. Matusiak, De Koster, and 

Saarinen (2017) also examine the job assignment problem. Batch execution times are 

forecasted based on historic pick data and serve as input for a joint batching and 

generalised assignment problem. The forecasts reflect the different skill levels in a set of 

heterogeneous pickers, leading to differences in task execution times between pickers. 

Skill level disparities are also often used to investigate bucket brigade picking, a system 

where pickers progressively pick orders and hand over their work-in-progress to a 

downstream picker (Bartholdi and Eisenstein 1996). Studies by Fibrianto and Hong 

(2019), Hong (2018), Hong, Johnson, and Peters (2015), Koo (2009), and Webster, 

Ruben, and Yang (2012) employ empirical observations or qualitative interviews to 

account for pick speed differences among pickers. Most of these studies do not only 

incorporate variations in pick speed, but also walk time differences. In this way, real-life 
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behaviour is simulated, as operators’ walk time can be affected by work environment and 

biomechanical dissimilarities (Mohler et al. 2007). Finally, Al-Araidah et al. (2020) 

illustrate that varying walk times play a prominent role when orders are assigned to 

pickers. 

Although these papers deviate from unrealistic normative models, they raise some 

limitations that should be addressed in future research to refine their models. For example, 

Matusiak, De Koster, and Saarinen (2017) argue that among-picker varying work rates 

could also be examined with a psychosocial perspective and refer to studies by Juran and 

Schruben (2004) and Larco (2010) to justify this premise. Apart from psychosocial 

aspects, many papers acknowledge that phenomena such as learning and forgetting or 

physical workload also strongly influence task execution times and should be accounted 

for to mimic real-life work systems (Al-Araidah et al. 2020). 

Dynamic varying work rates in OP literature 

Dynamic VWRs imply that individual task completion times may either improve 

or deteriorate over time. These job performance alterations stem from phenomena that 

are inherent to human operators. One of them is the prevalence of learning due to the 

repetitive nature of tasks (Vanheusden et al. 2022). Grosse and Glock (2013) empirically 

study the prevalence of learning in an industrial order picking setting and recommend that 

the importance of learning in the decision-making process should be acknowledged. 

However, very few research papers have heeded these early calls (Winkelhaus et al. 

2018). Apart from learning, other phenomena include amongst others training, fatigue, 

and boredom (e.g. Bendoly and Prietula (2008) and Calzavara et al. (2019)). 

Several papers in our literature sample integrate dynamic VWRs in their analyses. 

Grosse and Glock (2015) include a pick frequency-dependent search time function in 
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their model to investigate the allocation of pickers to different zones in a warehouse. Their 

study shows that allocating pickers with the lowest learning rate to a zone with fast 

moving products is beneficial for the company’s operational performance. However, the 

total time per pick is not only determined by search time but also by setup, travel, and 

pick time (Tompkins et al. 2010). On this ground, Grosse, Glock, and Jaber (2013) also 

incorporate experience-dependent pick times to analyse storage (re-)assignment 

decisions. The authors highlight the indispensable need to consider learning and 

forgetting in the decision-making process, rather than a sole dogmatic focus on travel 

distance. Despite the rigorousness of the study by Grosse, Glock, and Jaber (2013), some 

of their assumptions were challenged by Ogasawara, Ishigaki, and Yasui (2019). 

Especially, they claim it is impractical to presume that all picker learning is reset after a 

reassignment in the storage area. It would therefore be more accurate to infer that learning 

is only reset for the storage shelves where products are re-assigned. The study’s results 

and recommendations are, nonetheless, in line with those of Grosse, Glock, and Jaber 

(2013). Zhang et al. (2019) also conclude that considering picker learning would promote 

the accuracy and predictability of the order fulfilment operations. Although they assume 

a constant travel (or walking) speed, the time to pick an item depends on an initial picking 

time amended by the number of times this item has already been picked. This routine is 

common practice in all of the aforementioned papers and inspired by Wright (1936), 

which is, in turn, founded on empirical observations.  

Unlike learning-related phenomena, the physical repercussions of OP, i.e. fatigue, 

have been linked to a reduction in workers’ work rate and operational performance 

(Winkelhaus et al. 2018). Granotto et al. (2019) make use of a fatigue constant µ to model 

the slowdown of pickers’ speed in a bucket brigade order picking system. This fatigue 

constant captures the different workload levels when workers pick orders and ranges 
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between ‘zero effort’ and ‘hard work’, resulting in a progressive decay of the worker’s 

maximal work pace. Similarly, Zhao et al. (2019) use a fatigue factor α to reflect the 

processing time’s dependence on previous efforts. The concrete constructs used by 

Granotto et al. (2019) and Zhao et al. (2019) are not based on empirical evidence, but 

rather inspired by common practices from the literature on generic industrial 

environments (e.g. Jaber, Givi, and Neumann (2013) and Öztürkoğlu and Bulfin (2012)). 

Alternatively, Feng and Hu (2021) find inspiration in biological process modelling and 

adopt a generalised logistic function to adjust job processing times with a work fatiguing 

effect. In addition to the delimitation of upper and lower working efficiency, the authors 

suggest that order processing times are represented in a more concrete and natural way. 

The previously discussed papers identify two main streams of future research 

opportunities. First, researchers should address break scheduling, i.e. its frequency, 

length, and effects (Granotto et al. 2019; Zhao et al. 2019). Current models make some 

basic assumptions, but these impede a realistic integration of dynamic VWRs. Second, 

researchers should examine the impacts of boredom as a consequence of systematically 

assigning the same pickers to the same task (Grosse and Glock 2015). Neglecting these 

impacts could put efficiency at stake in the long run (Neumann and Dul 2010). Although 

specific research is yet to be done, integrating dynamic VWRs in future analyses would 

greatly benefit the accuracy and usability of decision support models. 

Stochastic varying work rates in OP literature 

In many cases, both static and dynamic VWRs view task execution times as a 

concept that is not exposed to stochastic variations. However, in reality, pick times are 

not deterministic, implying that no two picks are the same. Therefore, some papers 

include stochastic VWRs in their model. Batt and Gallino (2019) use a stochastic time 
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per pick realization (𝑡𝑖𝑚𝑒𝑖~Exp(𝑥𝑖𝛽 + 𝜀𝑖)) that depends on two factors. The deterministic 

part is a linear predictor that depends on bin density, distance, and pick experience. The 

stochasticity is introduced by 𝜀𝑖, drawn from a logistic distribution. Integrating stochastic 

pick times is also a common practice in papers that study bucket brigade systems. Popular 

statistic distributions to model the time to retrieve an item from its location are the 

uniform, triangular, and exponential distribution (Fibrianto and Hong 2019; Hong 2018; 

Hong, Johnson, and Peters 2015; Koo 2009; Webster, Ruben, and Yang 2012). 

Insights from practice 

Our interviewees acknowledged the prevalence of varying work rates, although 

they considered static and stochastic VWRs less important and impactful than their 

dynamic counterparts. Especially, order pickers were only to a limited extent convinced 

that among-worker differences play a significant role in a warehouse environment. This 

contrasts sharply with the importance that pickers (N=15/22) attribute to dynamic VWRs. 

The most frequently raised arguments to underpin this conviction were the accumulation 

of physical efforts during the day and their morningness versus eveningness nature 

(Horne and Östberg 1976). The time of the day apparently significantly influences work 

rates, arguably due to workers’ circadian rhythm. As a result of technological 

advancements in Industry 4.0, companies have the opportunity to moderate this impact to 

some extent, e.g. through smart lightning systems (Füchtenhans, Grosse, and Glock 

2021). Apart from optimising the working condition, the work itself can also be 

reorganised to respond to varying work rates. Although some companies consider shift 

preferences when planning their operations, many strictly adhere to fixed shift rotation 

schedules. Some interviewees (N=11/22) felt that such regimes negatively influenced 

their work rate and mention they wanted to participate more in these decisions. The same 
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aspiration holds for break scheduling. Our respondents mentioned that breaks were 

important to avoid decrements in employees' performance (Li, Xu, and Fu 2020). 

However, they are only scarcely researched in an order picking context. Rijal et al. (2021), 

for example, touch on the benefits of integrating breaks in order picker scheduling 

decisions, but do not account for human factors. Future research could therefore 

incorporate individual preferences to boost motivation and operational performance. 

Furthermore, the interviewees (N=18/22) indicated several other factors that 

might affect their individual work rates, such as the prevailing target regime and informal 

inter-colleague relationships. The former originates from a lack of motivation once the 

predetermined target has been reached. This has already been extensively researched (e.g. 

Bouwens and Kroos (2011)), although none of these studies are tailored to an order 

picking environment. The latter relates to the context in which the work rate of one picker 

is affected by other pickers (e.g. Zhang et al. (2021)), their mutual relationship, or their 

respective work rates. Interviewees confirmed that, for example, informal talks with 

colleagues can significantly interfere with their concentration levels and work rate. 

Hence, errors might occur and can lead to detrimental financial and operational 

consequences (Vidovič and Gajšek 2020). However, pickers (N=12/22) also emphasised 

how favourable these informal talks were for their motivation, a conviction shared with 

many interviewed supervisors. This seemingly paradoxical trade-off can be interesting to 

investigate with a research perspective similar to the one used by Glock et al. (2017). 

Another concern relates to the fact that although warehouse task assignments 

based on skills and learning rates are favourable in terms of work rates (Grosse and Glock 

2015; Matusiak, De Koster, and Saarinen 2017), pickers are not the strongest proponents 

of this premise. Specially, they fear that repeatedly being assigned to identical jobs would 

hamper long-term motivation and deteriorate work rates. They (N=17/22) mentioned that 
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companies should include job rotation in their personnel scheduling planning. Many 

supervisors agreed with this premise and claimed that the introduction of well-thought-

through job rotation scheduling could be a cornerstone of improved worker motivation. 

Despite its potential to improve worker well-being, job rotation is prone to skill 

considerations in different warehouse zones (e.g. one’s ability to drive a forklift, specific 

lifting capabilities, etc.) which could complicate implementation in practice. The concept 

of job rotation in a warehouse context is therefore deemed to be an interesting topic of 

study in future research. 

In conclusion, we can state that academic research papers primarily succeed in 

capturing the basic phenomena related to varying work rates. Nevertheless, many of the 

interviewees’ concerns are still understudied (i.e. picker participation, target- and 

feedback-regimes, and job rotation schedules) and are therefore considered to be fruitful 

research avenues. 

3.1.2 Quantitative physical state indicators 

The repetitive nature of OP, occasional awkward body postures and continuous 

engagement in physical activities make order picking a physically demanding and 

exhausting job (Lee, Kim, and Chang 2016). Logically, this severely affects the physical 

well-being of order pickers during a working day and can lead to high absenteeism rates 

and work-related musculoskeletal diseases (MSDs), causing significant long-term costs 

(Punnett and Wegman 2004). Therefore, Boudreau et al. (2003) criticise the utopic 

assumption of perfect worker availability (i.e. no absenteeism) and the disregard of 

workers’ tiredness in operational models. Some of the papers in our sample explicitly 

integrate pickers’ physical well-being in their analyses. 
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Quantitative physical state indicators in academic OP literature 

Rather than perceived workload or strain levels, this modelling construct category 

focuses on objectively measurable indicators that assess the physical state of an order 

picker. By integrating such indicators, the physical state of order pickers can be 

monitored, and the work environment and task assignments can be organised in an 

efficient, yet ergonomic matter. Various indicators can be employed to assess the physical 

state of order pickers (Stanton et al. 2004). 

The vast majority of the papers in our literature sample uses the energy 

expenditure (EE) concept, which expresses the amount of energy that a person needs to 

carry out a given task (Levine 2005). Garg, Chaffin, and Herrin (1978) tailored the 

calculations of human energy expenditure to manual material handling environments, 

thereby providing an accurate foundation for further analysis. The EE indicator allows 

researchers to keep pickers’ efforts within a range to work productively, without being 

exposed to excessive fatigue levels. For example, extreme EE levels can cause 

deteriorated concentration and related error rates (Zhao et al. 2019). To avoid this from 

occurring, one can either minimise the total EE associated with policy choices (Battini et 

al. 2016; Calzavara et al. 2017; Calzavara et al. 2019; Diefenbach and Glock 2019; Elbert 

and Müller 2017; Gajšek et al. 2021), or allow the EE to fluctuate between predetermined 

limits (Al-Araidah et al. 2020; Zangaro et al. 2019). However, many of the papers rely 

on standard or average EE calculations and recommend that future research should 

thoroughly investigate the impact of, for example, pickers’ anthropometry (Al-Araidah 

et al. 2020; Calzavara et al. 2019; Elbert and Müller 2017). A fine addition to the EE 

concept is the measurement of a picker’s heartbeat, pupil diameter, or muscular strains. 

Despite the possible necessity for additional measuring tools, this approach is frequently 

used to account for the physiological workload (Braam, van Dormolen, and Frings-
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Dresen 1996; Chen et al. 2020; Lee, Chang, and Karwowski 2020; Passalacqua et al. 

2020; Steinebach, Wakula, and Mehmedovic 2021; Stockinger et al. 2020). 

Apart from integrating energy expenditure or heartbeat, some papers resort to 

indicators that focus on pickers’ posture. Hanson et al. (2018) use the REBA (Rapid 

Entire Body Analysis) score to analyse the impact of tilting pallets on pickers’ 

ergonomics. Calzavara et al. (2019) employ the OWAS (Ovako Working Posture 

Analysing System) index to assess the combined storage assignment and rack 

configuration problem, thereby preventing pickers from being overly exposed to 

awkward body postures. Al-Araidah et al. (2017) pursue the same objective with their 

heuristic, which first clusters items and then assigns each cluster to a location in the 

storage area. Interestingly, Gajšek et al. (2021) have the same intention, but their storage 

assignment model also optimises picking time and energy. The authors show that 

companies could significantly reduce health risks and strenuous working conditions 

without jeopardising decent picking times. A final study that considers ergonomic 

monitoring from a postural point of view is the one of Braam, Van Dormolen, and Frings-

Dresen (1996), where different body postures are counted and compared among different 

automation levels. 

Furthermore, some papers adopt indicators for quantifying ergonomic risks, for 

example, lower back injuries. A frequently used metric is the peak L4/L5 spinal 

compression. It embodies the compressive force at the L4/L5 vertebral joint. Glock et al. 

(2019) and Hanson et al. (2016) employ this measure to assess the effect of pallet rotations 

on both economic outcomes and worker well-being. They show that a deliberate pallet 

configuration improves time efficiency, without compromising the picker’s physical 

integrity. The compressive forces in the intervertebral disc L5-S1 is another analogous 

metric to track spinal load exertions and related ergonomic risks (Steinebach, Wakula, 
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and Mehmedovic 2021). Another indicator for ergonomic risk is the NIOSH lifting 

equation (Waters, Putz-Anderson, and Garg 1994). Using this equation, Otto et al. (2017) 

develop a model to determine products’ placements in shelves and partition the work area 

into different zones. The authors show that a sole focus on economic performance and 

neglecting ergonomic impact lead to significantly higher health risks. 

Three principal themes recur when papers discuss their limitations and future 

research opportunities. First, papers sometimes limit themselves to the abstraction of 

pickers, thereby ignoring the inherent heterogeneity among pickers. Accounting for 

picker-specific characteristics such as height and health condition might prove beneficial 

in terms of representing reality (Al-Araidah et al. 2020; Hanson et al. 2018). Second, few 

studies link physical state indicators to operational performance. More research is needed 

to investigate the direct interdependency between load level and performance (Glock et 

al. 2019). Finally, extant research is unclear about which metric should be applied in 

which context (Otto et al. 2017). It is noticeable that most of the papers in our sample 

make use of the EE indicator. Although this metric is suited to gain general insights into 

the physical strains acting on operators when performing order picking tasks, it does not 

capture different types of injury risks to which the worker is exposed. In order to develop 

a more comprehensive evaluation of a worker’s physical strains and risks, future research 

will benefit from a stronger focus on other physical state indicators. Numerous tools exist 

to assess biomechanical exposure (e.g. OWAS, NIOSH lifting equation, LUBA, Strain 

index, etc.). Their usage, however, should be contemplated and thoroughly substantiated, 

as research seems to agree that no method holds an unconditional advantage over the 

others (Takala et al. 2010). Additionally, a monetary quantification for ergonomic risks 

will possibly enrich and motivate human-centric systems even more (Otto and Scholl 

2011). Section 4 discusses this apprehension in more detail. 
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Insights from practice 

The pickers we interviewed were convinced of the physically demanding nature 

of their job and its implications on their well-being. This justifies the keen interest that 

academics show in this respective topic. Literature has regularly shown that physical 

well-being and economic performance are not conflicting objectives per se (e.g. 

Calzavara et al. (2019)). However, only approximately half of the pickers (N=12/22) 

explicitly acknowledged the ergonomic efforts of their employer. In today’s competitive 

environment where WHs experience an immense pressure on costs, economic objectives 

are still perceived to be dominant. A fine example relates to ergonomic training sessions. 

Although many companies wish to arrange sessions to boost ergonomics on the work 

floor, many operators mention that the prevalent economic target regime was a restraining 

factor for the actual adoption of session instructions. Targets that are too stringent or 

insufficiently account for working conditions might induce additional stress and pressure. 

This can, in turn, nudge order pickers to deviate from what is ergonomically optimal for 

their physical well-being, e.g. ergonomic body postures. In sum, the main reason for their 

non-compliance lies in the conviction that economic targets will not be met properly if 

they strictly adhere to the ergonomic guidelines, a phenomenon also studied by Garg and 

Saxena (1985). Re-assessing target regimes could prevent this from happening. Apart 

from this, pickers also seem to some extent resistant to change, which could be tempered 

if companies offered some kind of incentive. 

The interviews also show the prevailing impact of physical fatigue on 

concentration and pick speed levels (N=17/29). This confirms findings from the literature 

and more precisely the expedient need to link physical indicators to work rates. Otto et 

al. (2017) alluded, for example, on the opportunity to add additional breaks to reduce the 

ergonomic load and increase pickers’ performance. Fatigue-recovery models with a 
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bifold focus on financial and ergonomic objectives are deemed favourable to develop 

such interdisciplinary decision support models in OM (Glock et al. 2019). In conclusion, 

current academic OP literature covers several concerns that were raised by pickers 

themselves. Nonetheless, some real-life practices, such as feedback links between 

physical state and work rates, ergonomic guideline compliance, and fatigue diminishing 

interventions require further research. 

3.1.3 Stochastic worker behaviour and work execution 

Workers and their actions are not always entirely predictable, resulting in behaviour that 

can be different from what is normatively assumed. The anomalies in worker behaviour 

occur probabilistically but can be steered in the ‘right direction’ (Sunstein 2018). 

However, it seems highly unethical and morally wrong to entirely marginalise the 

autonomy of human operators (Brey 1999). Therefore, these possible deviations from 

normativity should be embedded ex ante in operational planning models. Boudreau et al. 

(2003) support this mindset and criticise the utopic portrayal of deterministic and 

predictable workers. In addition, specific working conditions may occasionally manifest 

during the operational process such that workers have to deviate from the theoretical 

planning. Although limited in number, some papers include stochastic worker behaviour 

and work execution in their analysis. 

Stochastic worker behaviour and work execution in OP literature 

Contrary to what is normatively assumed, in reality, order pickers may deviate 

from prescribed procedures, defined as maverick picking (Glock et al. 2017). The 

unpredictability in worker behaviour puts the initially envisioned optimality at stake. 

Research papers address this phenomenon by including behavioural probabilities in their 
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models. For example, Ogasawara, Ishigaki, and Yasui (2019) use parameters that 

represent the probability that a picker accesses a wrong shelf area, whereas Elbert et al. 

(2017) include route deviation probabilities. Both studies show the importance of 

integrating stochastic worker behaviour. Finally, studies that deliberately give pickers a 

certain degree of freedom in carrying out their task highlight the need to account for 

operators’ peculiar but sometimes sub-optimal decisions (Hanson et al. 2018; Hilmola 

and Tolli 2016). 

Insights from practice 

Cross-checking academic practices with practitioners’ experience shows that 

order pickers are less concerned with the implications of integrating stochastic behaviour 

in models. Many pickers (N=14/22) indicated they were seldom triggered to non-comply 

with what is normatively expected from them, apart from the occasional non-adoption of 

ergonomic guidelines (see section 3.1.2). Nonetheless, supervisors (N=6/7) partly 

endorsed this claim, exemplified by unforeseen incidents such as picker congestion, 

malfunctioning equipment, and stock shortages, causing pickers to deviate from what is 

normatively assumed. These events underline the importance of supervisory presence on 

the work floor to guarantee a smooth operating system. Although pickers are not always 

causing them, these adverse incidents prohibit a consistent and invariable execution of 

the work planning, thereby contributing to stochasticity in the work execution. It should 

be noted though that pickers who come across as assertive seem to have more incentives 

to deviate from predetermined norms. A plausible explanation may be found in people’s 

regulatory focus (Higgins 1998), thereby corroborating the substantial, yet understudied 

role that psychological effects may have on the order picking process. Moreover, pickers 

justified the prevalence of maverick picking with occasional stock shortages of products. 
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It is noteworthy that no research papers have integrated human factors in the 

replenishment order picking problem. Future research could examine this gap, as well as 

other events that may induce non-compliant worker behaviour. Finally, we advocate the 

use of data-driven research approaches such as process mining (Rozinat and van der Aalst 

2008). Since people might be subjected to the Hawthorne effect (Boudreau et al. 2003), 

these methods could be beneficial to investigate any other stochastic incidents that were 

not raised by interviewees. 

3.1.4 Subjective worker experience and judgment 

This modelling construct covers the personal perception of workers towards their working 

environment. Unlike the physical state indicators (section 3.1.2), which focus on 

objectively measurable metrics, this category comprises subjective and personal 

experiences, both in physical and mental terms. In this way, concerns raised by Boudreau 

et al. (2003) are offset, particularly the emotionlessness of human operators and their 

identical responses to stimuli. Generally, evidence suggests that accounting for workers’ 

well-being promotes productivity and should thus be considered (García-Buades et al. 

2020). 

Subjective worker experience and judgment in OP literature 

Most papers in our sample that used this modelling construct examine the 

technical equipment planning problem. Therefore, we refer the interested reader to Glock 

et al. (2021) for an in-depth discussion of these respective papers. The papers use various 

metrics, either combined or individually, to assess perceived workload, namely the 

NASA-TLX score, the USQ score, the WCF-scale, the SSQ score, the RSME, user 

preferences, etc. (Baechler et al. 2016; Baumann et al. 2011; Braam, van Dormolen, and 
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Frings-Dresen 1996; Chen et al. 2020; Funk et al. 2015; Guo et al. 2014; Kim, Nussbaum, 

and Gabbard 2019; Kretschmer et al. 2018; Kreutzfeldt, Renker, and Rinkenauer 2019a, 

2019b; Lin et al. 2021; Murauer et al. 2018; Reif et al. 2010; Reif and Walch 2008; 

Scheuermann et al. 2016; Schwerdtfeger et al. 2011; Stockinger et al. 2020; Weaver et al. 

2010; Yeow and Goomas 2014). However, the NASA-TLX score is considerably more 

popular than other metrics. As a matter of fact, the scientific publication that elaborates 

on its development and usage (Hart and Staveland 1988) has already been cited in over 

13,000 studies, which indicates its influence in HF-related research. The reason for the 

NASA-TLX’s popularity among researchers is twofold. First, it is easy to implement and 

measure. Second, it is multidimensional, as the overarching score is constituted by 

different subscales, i.e. mental demand, physical demand, temporal demand, 

performance, effort, and frustration (Cao et al. 2009). This makes the NASA-TLX score 

a highly detailed, but foremost sophisticated instrument to assess the perceived workload 

on human operators when performing a given task.  

Other papers resort to more advanced psychological concepts. Bräuer and 

Mazarakis (2019), for example, invoke the three basic psychological needs, autonomy, 

competency, and relatedness, to determine the level of intrinsic motivation in a gamified 

environment. Gamification involves using game design elements, e.g. badges and 

leaderboards, in non-game contexts (Deterding et al. 2011), and is a currently up-and-

coming initiative to boost worker motivation (Donohue and Schultz 2019). The authors 

mention the potentially beneficial effects of gamification, but also warn for the possible 

negative effects on pickers’ motivation in the long run. Passalacqua et al. (2020) use 

emotional and cognitive engagement measures in their gamification analysis and also 

raise the concern of (understudied) long-term effects. Another and related measure is 

work autonomy. Cragg and Loske (2019) demonstrate that pick-by-terminal systems 
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induce higher autonomy levels compared to pick-by-voice systems. The possibility of 

comfortable inter-colleague communication and lower concentration levels are the main 

drivers for their results. In order to diminish the high mental strain on order pickers, 

companies can also aim to reduce the amount of information that they have to process 

throughout a day. Brynzér and Johansson (1996) focus on storage assignment while 

keeping picker information as low as possible. Apart from perceptions about their mental 

workload, pickers also experience subjective workload in physical terms. Steinebach, 

Wakula, and Mehmedovic (2021) use the Borg RPE scale to assess the subjectively 

perceived exertion to evaluate the effect of an ergonomic storage location assignment 

(SLA). Pickers rated the proposed SLA significantly less straining than an SLA that only 

accounts for travel distance, while cycle times did not differ significantly between the 

two environments. Larco et al. (2016) use the Borg CR-10, a Category-Ratio (CR) scale, 

as a predictor of perceived physical workload when a picker picks a product from a 

specific location. The authors adopt a direct feedback method to obtain input values for 

the ordinary least squares model that generates discomfort estimates. Results show that a 

sole focus on minimising discomfort might be detrimental if short cycle times are 

pursued. Minimising cycle times, on the other hand, is shown to have positive 

repercussions on pickers’ perceived working comfort as well. 

In sum, a large number of papers discuss subjective workload. However, several 

papers raise some critical concerns for future research. First, most studies were carried 

out in a lab context, which could hamper generalizability. More research is needed to 

validate findings in an industrial environment, and future studies should also investigate 

the long-term implications of the current conclusions (Lin et al. 2021; Smith et al. 2021). 

Second, several papers recognise the plausible impact and enrichment of socio-

demographic variables (see section 3.1.5). The quantity of papers that account for 
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interpersonal differences is rather limited. Exceptions include Bräuer and Mazarakis 

(2019) and Cragg and Loske (2019). Finally, many papers mention that future research 

should shift its scope towards studies that account for subjective measures as well as 

objective indicators to provide a more holistic analysis. 

Insights from practice 

It was clear that order pickers essentially acknowledge the practical relevance of 

this modelling construct. Human-centric work design is a necessary precondition to boost 

worker motivation and retention rates. In this light, some pickers (N=12/22) complained 

about the lack of possibilities to have a say in operational decisions, an aspiration to which 

many supervisors (N=5/7) are not adverse. Management currently determines break and 

rotation schedules, order assignments, and employed technical equipment. Consequently, 

order pickers feel micromanaged and restricted in their autonomy, resulting in poor 

engagement and low motivation. The feeling of being robotised can cause employees to 

perform worse than anticipated, most certainly in the long run. Future research should 

therefore continue to include subjective measures in their models and account for possible 

worker participation. Utility-driven models (see Larco (2010)) can be a good stepping 

stone for such an approach. Nevertheless, some pickers (N=7/22) indicated to feel the 

complete opposite and prefer to engage in activities that require a low degree of 

participation. This observation supports the idea of a modelling construct that covers 

discrepancies in pickers’ aspirations (section 3.1.5). In addition, we argue that OP 

planning models might benefit from insights from the occupational psychology research 

stream (e.g. Bakker and Leiter (2010)). So far, both research streams have been treated 

independently, which presents numerous future research opportunities. For example, 

future research could investigate the driving forces behind phenomena such as job 
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satisfaction and motivation and their repercussions on individual performance, 

specifically tailored to an order picking context.  

Finally, despite being beyond the scope of this paper, pickers and supervisors 

(N=20/29) highlighted the paramount importance of ex post integration of mental well-

being. This could include small rewards for consistently meeting a target or the possibility 

to consult a company psychologist. The compatibility of these initiatives with ex ante 

design incorporations is, however, currently understudied. 

3.1.5 Socio-demographic worker differentiations 

This modelling construct is a response to the utopic assumption that all pickers are the 

same and that calculations are based on an ‘average picker’ principle. In reality, people 

differ in terms of physical and demographic characteristics such as length, weight, gender, 

education level, cultural background, health status, physical abilities, and more. In 

addition, also social aspects such as personality, values, and attitudes can differ among 

people (Ashton 2013). In response to upcoming demographic changes (Cohrssen 2021) 

and evidence of among-worker differences in personality traits (Revelle and Condon 

2015), researchers advocate employing models that account for lifelike characteristics 

(e.g. Juran and Schruben (2004)). The same claim is made by Boudreau et al. (2003), who 

denounce the practice of portraying workers as identical and emotionless. 

Socio-demographic worker differentiations in OP literature 

Integrating socio-demographic worker differentiations in a research analysis 

allows to assess the effects and influences of a particular socio-demographic variable on 

the researched results. Some of the papers from our literature sample adopt physical 

characteristics such as body mass and length and highlight the significant impact of these 
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variables on productivity and ergonomics (Al-Araidah et al. 2020; Bräuer and Mazarakis 

2019). Hanson et al. (2018) also suggest assigning picking tasks to pickers purely based 

on height, although they express some ad hoc caution since this practice might be 

considered discriminatory. Age is another frequently used demographic variable. In light 

of the prevalent ageing work population (Ilmarinen 2001), considering people’s age 

seems like an absolute must to guarantee accurate decision models. Bräuer and Mazarakis 

(2019) find evidence that leaderboards in a gamified environment have a stronger impact 

on relatively young individuals compared to their older co-workers. De Vries, De Koster, 

and Stam (2016c) also look at the impact of age on the effectiveness of assistive 

technological equipment and find that older people experience more difficulties when 

using pick-by-voice systems than their younger colleagues. Other demographic variables 

that can enrich models and analyses include years of employment (Cragg and Loske 

2019) and education level (Hilmola and Tolli 2016). 

Apart from typical demographic variables, one can also include social 

differentiators in research analyses. De Vries, De Koster, and Stam (2016a) invoke the 

regulatory focus theory and investigate the alignment of order picking methods and 

incentive systems. According to regulatory focus theory, people are distinguishable 

between promotion-focused (oriented on achieving one’s personal goals) and prevention-

focused (oriented on fulfilling one’s duties) (Higgins 1998). The authors show that 

substantial productivity improvements can be achieved if psychological differences 

among pickers are considered. De Vries, De Koster, and Stam (2016c) reach the same 

conclusion. They use the Big Five model (Digman 1990) to distinguish individuals based 

on their personality and find that personality characteristics like neuroticism and 

extraversion play a significant role in predicting picker behaviour. 
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Papers that fall under this modelling construct category highlight the capability of 

socio-demographic variables to enhance the accuracy of operational models. 

Furthermore, we can infer that socio-demographic variables present a significant overlap 

or interference with previously discussed modelling constructs and should therefore be 

considered together. 

Insights from practice 

Both pickers and their supervisors confirmed the indisputable relevance of socio-

demographic-oriented work design. For example, pickers (N=12/22) indulgently agreed 

with job assignments favouring relatively older people or workers with a certain body 

type, e.g. lightweight below-chest picks for older and shorter order pickers (Steinebach 

et al. 2021). Nonetheless, this principle of fairness should not be pushed to its limits. The 

OP literature has not yet examined the trade-off between favourable assignments and 

fairness, although it could seriously affect long-term motivation. Another example relates 

to cultural differences, as one of the interviewees mentioned a Muslim order picker who 

preferred not to pick products that contained alcohol. Given the cultural diversity in 

modern society, these kinds of differences should be taken into account. 

Finally, the actual differences in people’s mindsets stood out during the 

interviews. Some pickers continuously reflect on possible improvements and want to 

engage in participatory group discussions. In contract, others confine themselves to 

executing their jobs and prefer not to be included in additional commitments. These 

aspirations are a practical manifestation of regulatory focus theory and motivate a work 

(environment) design tailored to individual pickers’ needs. Although such an approach 

might induce a compatibility challenge (e.g., the harmonizing different technical 

equipment types), it could boost worker well-being and operational performance. 
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3.2 Relation to I4.0-to-I5.0 transition 

On some topics, interviewees clearly had an opposite view compared to academic 

literature, while other topics induced consensus. The most prominent points of 

(dis)agreement are summarised in Table 2, whose last column non-exhaustively relates 

each row’s concepts to the I4.0-to-I5.0 transition. These relations can be grouped into two 

major application domains of I4.0 within the OP process, i.e. hardware (H) and software 

(S).  
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Table 2. Most prominent (dis)agreements among academic literature and interviews. 
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I4.0 hardware encompasses the physical tools and devices that either support or 

substitute human labour during the OP process (Winkelhaus, Grosse, and Morana 2021). 

Examples include smart wearables, monitoring devices, exoskeletons, and cobots. 

Although these devices might increase the trackability of and reduce the physical impact 



39 

on humans, their deployment may result in motivational issues (Lager, Virgillito, and 

Buchberger 2021). Acceptance is a fine example of the “subjective worker experience 

and judgement” construct category which ought to be considered when deciding upon the 

acquisition or configuration of new devices. The usage of a technology acceptance model, 

like TAM, can provide decision makers additional insights in why and how I4.0 hardware 

will (not) lead to proper user adoption (e.g. Manis and Choi (2019)). Shifting from I4.0 

towards I5.0 necessitates research that pays equal attention to physical and psychological 

human aspects, as to operational outcomes when judging I4.0 hardware. 

On the other hand, I4.0 software involves the intangible collection of procedures 

and instructions which underlie the configuration of an OP system, for example 

information systems and planning tools. In comparison with I4.0 hardware, I4.0 software 

is not focused on technological devices as such, but rather on how technology can be used 

for planning and analytical purposes. With the advent of I4.0, automation and 

digitalisation have found their way to many warehouses and increase the connectivity and 

trackability of entities. This might induce another challenge for many warehouse 

managers, as the data multitude increases significantly. However, with a proper data 

management system, this is not necessarily a burden but rather a plausible competitive 

advantage. Given that a system’s output is only as qualitative as its inputs, a plurality in 

data might generate more sophisticated planning models. For example, due to increased 

connectivity, dynamic varying work rates can be captured more accurately to serve as 

enriched input for planning models that require such information for break and shift 

rotation schedules. Future research could therefore increase the physical and mental well-

being of workers if planning models do take advantage of this increased data provision. 

A holistic analysis which also accounts for investment costs and the impact of more 
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accurate decision support models is deemed a fruitful research avenue, e.g. Mocan and 

Draghici (2018). 

3.3 Research methodologies 

This section elaborates on the research methodologies used to analyse and solve human-

centric OP planning problems. The following five research approaches are frequently 

employed in the literature and are discussed in the remainder of this section. 

• Mathematical optimisation

• Simulation

• Analytical models

• Experimental studies

• Other

Figure 5 depicts the respective shares of these methods in the literature sample. Note that 

a single paper can be assigned to more than one category. Experimental studies are most 

prominently present, followed by mathematical optimisation and simulation. 

Figure 5. Research methodologies used for analysing order picking planning problems. 
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Mathematical optimisation refers to the ensemble of formalised mathematical expressions 

which aim to minimise or maximise a certain objective function subject to a set of 

constraints. This research methodology allows researchers to include expressions that 

capture problem-specific dimensions such as behavioural processes. In terms of 

modelling choices, authors can either optimise for one single objective, e.g. Diefenbach 

and Glock (2019), Glock et al. (2019) and Matusiak, De Koster, and Saarinen (2017), or 

decide to invoke more than one objective function, e.g. Battini et al. (2016), Larco et al. 

(2016) and Zhao et al. (2019). The latter, often called bi- or multi-objective optimisation, 

is a popular research methodology when studying possible trade-offs between seemingly 

conflicting objectives (Deb and Deb 2014). Moreover, it is up to the researcher to decide 

whether the objective function is directed towards economic (e.g. Al-Araidah et al. 

(2017)) or ergonomic (e.g. Otto et al. (2017)) optimisation. Despite the highly convenient 

flexibility in terms of modelling choices, solving these self-configured mathematical 

optimisation models can become increasingly time-consuming in terms of computational 

time if an exact solution approach is pursued. Therefore, many research papers resort to 

metaheuristic algorithms to generate a reasonably good feasible solution within an 

acceptable computing time (Glover and Sörensen 2015). The popularity of a 

metaheuristic approach lies in its multi-applicability and potency to rapidly generate 

feasible solutions that do not deviate significantly from the optimal one. In this light, 

metaheuristics are highly suitable for solving operational OP planning problems, as some 

of these have to be addressed frequently throughout the day. Which metaheuristic 

framework should be used is food for debate (Glover and Sörensen 2015) and may depend 

on the research context. Metaheuristic algorithms (MHs) that are used by papers in our 

literature sample include local search MHs (Al-Araidah et al. 2017; Glock, Grosse, 

Abedinnia, et al. 2019; Otto et al. 2017) and population-based MHs (Feng and Hu 2021; 
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Zhao et al. 2019). Table 3 gives an overview of the papers that apply exact and heuristic 

solution approaches. 

Table 3. Overview of the solution approach(es) per paper that used mathematical 

optimisation. 

Exact Heuristic 

Battini et al. (2016) • 

Larco et al. (2016) • • 

Al-Araidah et al. (2017) • 

Matusiak, De Koster, and Saarinen (2017) • 

Otto et al. (2017) • 

Diefenbach and Glock (2019) • 

Glock et al. (2019) • 

Zangaro et al. (2019)   • 

Zhang et al. (2019) • 

Zhao et al. (2019) • 

Feng and Hu (2021) • 

Gajšek et al. (2021) • 

Simulation refers to a wide range of methods and applications to imitate the 

inherent characteristics and behaviour of real-life systems (Kelton 2002). The main 

purpose of simulation is to conduct numerical experiments to understand the actual 

behaviour of a system and its constituting components. For instance, an order picking 

system and the order pickers can be modelled such that various operational scenarios can 

be tested and analysed before actual implementation. However, although simulation is a 

powerful tool to mimic and provide insights into the true dynamics of a system, it requires 

a considerable modelling and scenario development time, depends heavily on the 

accuracy of input data, and is only generalisable to a limited extent (Feinstein and Cannon 

2001; Vanbrabant et al. 2019). Different types of simulations can be used to investigate 

operational policies. For example, discrete-event simulation (DES) is a well-established 

process-oriented type of simulation where a system is modelled as a network of activities 

and queues. Agent-based simulation (ABS), on the other hand, is a rather up-and-coming 

approach focusing on self-governing individual agents (Maidstone 2012). ABS is deemed 

highly suitable to model the specific behaviour of and interactions between agents, 
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whereas DES is more top-down and drawn to modelling the system in detail (Siebers et 

al. 2010). The ultimate choice between these two types is, however, entirely up to the 

researcher. Another simulation type is Monte Carlo simulation, which relies on repeated 

random sampling to provide insights if outcome scenarios are subjected to a degree of 

uncertainty (Raychaudhuri 2008). Note that system dynamics, another simulation type, is 

not included in the discussion since none of the papers in our sample uses this method. 

Table 4 summarises the research papers which use simulation. 

Table 4. Overview of research papers using simulation models. 

Agent-based 

simulation 

Discrete-event 

simulation 

Monte Carlo 

simulation 

Koo (2009) • 

Webster, Ruben, and Yang (2012) • 

Hong, Johnson, and Peters (2015) • 
Battini et al. (2016) • 

Elbert et al. (2017) • 

Elbert and Müller (2017) • 
Hong (2018) • 

Batt and Gallino (2019) • 

Fibrianto and Hong (2019) • 
Granotto et al. (2019) • 

Al-Araidah et al. (2020) • 

Analytical models involve a set of interconnected mathematical expressions which 

approximate complex systems’ actual behaviour by linking the outcome variable of 

interest to several system parameters (Van Gils et al. 2018). This research approach can 

predict and evaluate the system’s performance under different operational scenarios 

solely by determining ranges of possible parameter values. Although analytical models 

are less time-consuming to develop than simulation models and fairly intuitive to 

evaluate, they also risk being simplified representations of real operational systems. In 

response, a deliberate trade-off should be made regarding the degree of complexity and 

related representation of reality. In order picking literature, papers that integrate 

ergonomics and economics using analytical models are still scarce, although more 

researchers have recently started to employ this research methodology (Calzavara et al. 

2019). Sgarbossa et al. (2020) point out that mostly physical-related human factors were 
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considered in analytical models. However, apart from physical considerations (e.g. 

Calzavara et al. (2017) and Calzavara et al. (2019)), these models also include learning-

related phenomena (Grosse, Glock, and Jaber 2013; Grosse and Glock 2015) and 

differences in skill levels (Webster, Ruben, and Yang 2012). Although the employment 

of analytical models is currently not very popular, it does not imply that the quality of its 

results are inferior to those of other research methodologies (Meller and Klote 2004). 

Most research methodologies pertain to experimental studies. In this research 

methodology, subjects are typically assigned to treatments, either in an industrial or a lab 

environment, so that the researcher can make inferences about the relationship between 

independent and dependent variables (McClave and Sincich 2007). Experimental studies 

are highly suitable for investigating the impact of human behaviour on operational 

outcomes and are often supplemented with surveys regarding subjects’ retrospective 

perceived experiences (Bendoly et al. 2010). There are various statistical analysis 

procedures (SAPs) to convert collected data into usable information. Table 5 presents an 

overview of these commonly used procedures and the respective papers in which they are 

applied. Correlation analysis is defined as an in-depth analysis and discussion of 

correlations between two or more variables in the data set. Frequently used metrics are 

the Pearson, Spearman’s rank, and point-biserial correlation coefficient. Regression 

analysis is the statistical procedure of estimating the relationship between independent 

and dependent variables. Hypothesis testing is the most frequently used SAP and is 

primarily used for establishing (non-)significant disparities in outcome variables among 

treatments. Lastly, other SAP refers to procedures such as principal component analysis, 

effect-size evaluation, and descriptive statistics comparisons.  
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Table 5. Overview of statistical analysis procedures (SAPs) and papers in which they 

are used. 

Statistical tool Number of research 
papers 

Papers 

Correlation analysis 5 Bräuer and Mazarakis (2019); Cragg and Loske (2019); De 

Vries, De Koster, and Stam (2016a, 2016c); Kreutzfeldt, 

Renker, and Rinkenauer (2019b) 

Regression analysis 3 De Vries, De Koster, and Stam (2016a, 2016c); Passalacqua 

et al. (2020) 

Hypothesis testing 25 Baechler et al. (2016); Baumann et al. (2011); Bräuer and 

Mazarakis (2019); Chen et al. (2020); De Vries, De Koster, 
and Stam (2016a, 2016c); Funk et al. (2015); Guo et al. 

(2014); Hanson et al. (2016); Hanson et al. (2018); Hilmola 

and Tolli (2016); Kim, Nussbaum, and Gabbard (2019); 
Kretschmer et al. (2018); Kreutzfeldt, Renker, and 

Rinkenauer (2019a, 2019b); Lee, Chang, and Karwowski 
(2020); Lin et al. (2021); Murauer et al. (2018); Passalacqua 

et al. (2020); Reif et al. (2010); Reif and Walch (2008); 

Schwerdtfeger et al. (2011); Steinebach, Wakula, and 
Mehmedovic (2021); Stockinger et al. (2020); Weaver et al. 

(2010) 

Other SAP 4 Chen et al. (2020); De Vries, De Koster, and Stam (2016a); 

Scheuermann et al. (2016); Yeow and Goomas (2014) 

Finally, the ‘other’ research methodology category comprises case studies (Braam, van 

Dormolen, and Frings-Dresen 1996) and conceptual models (Brynzér and Johansson 

1996). It is worth mentioning that some methodologies are rarely used to study human 

factors in order picking planning problems. These methods include queueing models, 

fuzzy set theory, discrete choice modelling and data or process mining.  

4. Discussion

Section 3 discussed five hands-on modelling constructs to enrich the pivotal decision-

making process in order picking systems. In addition, we presented some leading research 

methodologies in which these modelling constructs can be embedded. Throughout their 

review, academic practices were cross-checked with insights from practice to assess the 

modelling approaches from a practitioners’ point of view. This has led to some 

recommendations for future research. On top of that, this section provides an integrated 

synthesis of the proceedings mentioned above with a threefold perspective. First, Section 

4.1 compares our general findings with those of previously developed frameworks. 

Second, Section 4.2 elaborates on the degree of compatibility between modelling 
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constructs and research methodologies. Finally, we holistically evaluate the extent to 

which the currently used modelling fails to comply with practitioners’ concerns and 

aspirations and how this gap should be addressed (Section 4.3).  

4.1 General findings comparison 

Previous literature reviews related to the integration of human factors into order picking 

planning classify papers based on the generic HF categories, namely physical, perceptual, 

mental, psychosocial, and skills. Although we adopt another perspective to investigate 

the same research topic, it should be noted that our article sample's constitution is in line 

with recent findings by Sgarbossa et al. (2020) and Vanheusden et al. (2022). Specially, 

it confirms that previous research papers have mostly focused on the physical HF to 

mitigate the negative externalities of picking orders, e.g. the prevention of 

musculoskeletal disorders. Consequently, papers that focus on other HF categories lag 

behind in terms of quantity, thereby leaving aspects of the order picking process 

underexploited. However, our literature sample comprises many papers that account for 

the perceptual human factor (Appendix D). This is due to the prominent presence of 

papers that study the technical equipment planning problem, which is intrinsically 

connected with information processing and thus perceptual considerations. Its notable 

presence is mainly driven by the growing societal interest of exploiting the supportive 

capabilities of assistive devices in manual material handling. The recent literature review 

of Glock et al. (2021) about this specific topic strengthens this supposition. Furthermore, 

our sample is also characterised by a high degree of disparity between the number of 

papers that research respective OP planning problems (Appendix D). The number of 

papers dealing with problems such as storage (re-)assignment, assistive technical 

equipment (e.g. pick-by-voice or pick-by-vision), and zoning is a multiple of those that 
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consider job assignment, batching, warehouse lay-out design, etc. While the 

aforementioned observations and suggestions on how to tackle them is briefly discussed 

in Vanheusden et al. (2022), our review succeeds in making more concrete 

methodological research propositions, partly originating from practitioners. In this way, 

the article at hand proposes concrete suggestions and guidelines to facilitate the 

development of human-centric OP systems. 

Finally, we would also like to highlight the uniqueness of our taxonomy compared 

to the initial framework of Grosse et al. (2015). The classification categories that are being 

proposed in the paper at hand do not exhibit a one-to-one relation with the generic HF 

categories presented in Grosse et al. (2015) or Vanheusden et al. (2022). An illustration 

is the varying work rates construct, which can be linked up to three of the generic HF 

categories, namely physical, mental, and skills. Conversely, the perceptual category 

proposed by Grosse et al. (2015) is not easily convertible to one of our integrative 

constructs. Therefore, both research perspectives should not be seen as contesting but 

rather as supplementary and possibly synergic in integrating human factors in planning 

problems. 

In addition, since we initiate the analysis with a HF-perspective, our approach 

varies from those adopted by prior articles about I4.0, which dominantly adopt a 

technology-oriented approach. Nonetheless, both approaches reach the same conclusion, 

namely the prevalent disconnection between the I4.0-to-I5.0 transition and rigorous 

human factors consideration. Therefore, the paper at hand should be seen as an enriching 

and complementary analysis. 
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4.2 Compatibility assessment 

As already established, papers that adopt modelling constructs in the decision-making 

process use a wide range of research methodologies. However, past papers have not 

studied the correlation between the adopted modelling construct and the used research 

methodologies. Such studies could uncover prevalent patterns and assess the suitability 

and popularity of modelling construct-research methodology combinations. Table 6 

shows how frequently a particular modelling construct has been adopted per research 

methodology in the reviewed papers. Note that one single research paper can have 

multiple methodologies and/or more than one adopted modelling construct. Details can 

be found in Appendix B. 

Table 6. Frequency of modelling construct-research methodology combinations in our 

review. 

Mathematical 

optimisation 

Simulation Analytical 

models 

Experimental 

studies 

Other Total 

Varying work rates (VWRs) 4 8 4 - - 16 

Quantitative physical state 

indicators 
8 3 2 5 1 19 

Stochastic worker behaviour 

and work execution 
- 1 1 2 - 4 

Subjective worker 

experience and judgment 
1 - - 22 2 25 

Socio-demographic worker 

differentiations 
- 1 - 6 - 7 

Total 13 13 7 35 3 71 

Mathematical optimisation models commonly appear in combination with VWRs or 

quantitative physical state indicators. Most of these combinations are somehow 

associated with deterministic physical metrics, like energy expenditure or differences in 

work rates among pickers. One of the underlying reasons for this predominance can be 

found in the representational nature of mathematical optimisation models. Specifically, 

this research methodology is less capable of appropriating stochastic dynamics of a 
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particular problem context (Chandra and Grabis 2007). In addition, only the study of 

Larco et al. (2016) integrates aspects related to pickers’ work perception. The latter 

example proves that mathematical optimisation models should not be considered 

prohibitive for mental- and psychosocial-related phenomena. We rather consider the 

scarcity of works of this particular combination as a fruitful yet underexploited research 

avenue. 

Studies that adopt simulation techniques predominantly focus on VWRs and 

quantitative physical state indicators and currently omit subjective worker experience and 

judgment. The historical development and use of simulation in OR modelling may lie at 

the base of this underrepresentation. Namely, discrete-event simulation has been the most 

prominent simulation type until recently (Siebers et al. 2010) (see Table 4). As discussed 

earlier, this simulation type is oriented towards systemic process modelling, rather than a 

detailed examination of agents within the system. With the emergence of agent-based 

simulation, circumstances are considerably more favourable to account for phenomena 

that are covered by subjective worker experience and judgment, and stochastic worker 

behaviour and work execution. Additionally, simulation is deemed extremely suitable to 

cope with stochasticity (Kelton 2002). This premise manifests itself in the observation 

that more than half of the research papers that use simulation include stochastic VWRs. 

Due to their inherent ability to deal with complex problem settings, simulation models 

are a particularly interesting research methodology to adopt multiple modelling 

constructs simultaneously.  

Analogous to mathematical optimisation models, analytical models frequently 

resort to VWRs or quantitative physical state indicators. Since this research methodology 

exhibits characteristics from both mathematical optimisation models and simulation, a 

slight degree of stochasticity can be embedded in the model design. However, due to the 
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limited number of research papers that use this and the ‘other’ research methodology, it 

seems too premature to draw definitive conclusions. 

Finally, experimental studies principally invoke subjective worker experience and 

judgment, and socio-demographic worker differentiations. The possibility to conduct 

post-experimental picker surveys facilitates the integration of individualised worker 

perceptions. Unfortunately, empirically observed phenomena are seldom converted into 

expressions that can be used by other research methodologies. This finding is in line with 

earlier calls from Bendoly et al. (2010), who advocate converting field-based empirical 

observations into mathematical expressions. Despite being challenging, we are convinced 

that this practice will help to refine and improve future models. An excellent example is 

the study of Grosse et al. (2013), in which the empirical findings of Grosse and Glock 

(2013) are translated into mathematical expressions to serve in an analytical model. 

Recovery rates and mental state-dependent work pace are an illustration of relevant topics 

for which such approach is currently non-existent in OP literature. 

Apart from methodology-specific considerations, future research should also 

account for the following overarching remarks. The first pertains to the practice of 

incautiously extrapolating short-term experimental findings. Many papers explicitly 

highlight the short time frame of their analysis as a limiting factor of their research (e.g. 

experiments of 10 minutes). In consequence, long-term implications are in many cases 

not accounted for, although they could severely interfere with initially obtained research 

outcomes. Despite their short-term planning horizon, even operational decisions should 

consider long-term repercussions (e.g. repetitiveness, boredom…). A strategy that 

sequentially adopts short-term optimality may not end up in a long-term global optimum. 

Additional research should therefore be tailored to these long-term implications and 

examine how they interfere with work performance. This partially brings us to our second 
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remark. More precisely, although picking time might be an appropriate economic 

performance measures in the short run, it can be argued that other metrics are at least 

equally important in the long run. The performance of a warehouse can be assessed by 

productivity-, quality-, time-, cost- and safety-related indicators (De Koster, Stam, and 

Balk 2011; Staudt et al. 2015). Very few of the papers in our literature sample holistically 

evaluate system performance using multiple performance indicators. Data envelopment 

analysis (DEA) is a fine example of a method that could be invoked for such an 

evaluation. Its inherent ability to account for different indicators makes DEA an 

appropriate and widely accepted method to assess the performance of warehouses or their 

order picking system (De Vries, De Koster, and Stam 2016b; Klumpp and Loske 2021). 

In addition, the reviewed papers in our sample hardly include feedback links between 

human conduct and these indicators (e.g. poor working conditions induce absenteeism, 

which in turn causes significant operational losses (Kocakulah et al. 2016)). We, 

therefore, recommend well-thought-out performance measures which additionally 

capture the long-term impacts of short-term decisions. 

4.3 Theory-practice gap 

The modelling constructs presented in Section 3.1 offer researchers the opportunity to 

shift away from incorrect axiomatic modelling assumptions. Nonetheless, evidence from 

interviews suggests that they still necessitate a thorough development process in order to 

capture all the facets and dynamics of an OP system with the ultimate purpose of 

improving operational performance and/or worker well-being. Throughout the analysis 

of current academic literature and the conducted interviews, four fundamental focal points 

kept recurring and embody generic recommendations that could serve to bridge this 

theory-practice gap. They are discussed in the remainder of this section and are 
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summarised in Figure 6. 

By adopting the discussed modelling constructs, the veracity and consequently 

the usefulness of prevailing policy choices have been considerably reinforced. However, 

previous academic research efforts have predominantly been dedicated to the physical 

human factor, and to a much lesser extent to the psychosocial and mental one (Neumann 

and Dul 2010; Sgarbossa et al. 2020). The discrepancy between the present state-of-the-

art and pickers’ concerns is at the very least remarkable. More precisely, during the 

interviews, pickers repeatedly emphasised the significance of psychological and mental 

aspects on the work floor for their well-being. In addition, it has already been shown that 

psychosocial strains, such as high perceived work load and time-pressure, can cause 

musculoskeletal symptoms (Bongers et al. 1993). This finding results in a first generic 

recommendation, i.e. future research should increasingly pursue to embrace and 

thoroughly investigate the impacts of psychosocial phenomena in an order picking 

environment. As mentioned before, spanning this gap involves cross-disciplinary research 

with, for example, occupational and work psychology. Qualitative and experimental 

studies could be of great use to explore phenomena that simultaneously impact pickers’ 

prosperity and operational performance. Even more important and enriching for this 

research field would be the rigorous adoption of findings from such studies in advanced 

mathematical optimisation, analytical or simulation models. 

It should also be noted that the presented modelling constructs are currently 

sequentially discussed in Section 3.1. Accordingly, this might induce the conviction that 

they should be treated independently. However, interviews revealed that the modelling 

constructs should be considered interconnected as well as not mutually exclusive. A first 

clarification relates to their mutual non-exclusiveness. It became clear throughout the 

interview sessions that all of the modelling constructs entail the inherent representational 
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capacity to reflect real-life phenomena in academic research. In order to pursue 

productivity and/or well-being improvements, models could benefit from a ‘the more, the 

better’ principle in terms of modelling constructs. The more modelling constructs, the 

better a model can capture the true dynamics in a warehouse. However, the number of 

research papers that adopt more than one modelling construct is rather limited. Therefore, 

we propose a second generic recommendation: future research should apply multiple 

modelling constructs simultaneously to avoid decision-making based on incomplete 

information. 

The aforementioned interconnectedness of modelling constructs also deserves 

some attention. Particularly, feedback links between separate modelling constructs may 

severely impact their combined effect (e.g. Asadayoobi, Jaber, and Taghipour (2021)). 

Interviewees provided valuable examples to justify this premise. An example is the 

impact of socio-demographic worker differentiations on quantitative physical state 

indicators, as older order pickers have a different recovery rate compared to their younger 

colleagues. Another example relates to motivation-dependent work rates, which integrate 

varying work rates and subjective worker experience. Ample of these illustrations were 

raised by interviewees, which substantiates a third recommendation: future research 

should focus on synergies and interdependencies among modelling constructs. Besides, 

each modelling construct holds a plurality of metrics and parameters that can be applied 

(e.g. Takala et al. (2010)). However, the order picking research stream still lacks a 

comprehensive work that rigorously outlines relevant metrics and evaluates their context-

dependent adequacy. Therefore, we propose a fourth recommendation: future research 

should thoroughly assess and develop indicators and metrics used in decision support 

models.  
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Figure 6. Generic recommendations for future research. 

Finally, we end this section with a selection of concerns which were frequently raised by 

order pickers or their supervisors (see Appendix E). These could be a fine addition to 

some of the modelling constructs and aid in the I4.0-to-I5.0 transition, as they were 

claimed to influence operational performance and picker well-being. Moreover, it is 

noteworthy that most of these concerns have already been raised as future research 

opportunities by previous reviews and research articles. Despite their proven relevance 

and potential fruitfulness, they remain rather understudied to date, at least in an OP 

context. 

A first concern is related to individual preferences and picker participation in the 

decision-making process. On several occasions, interviewees expressed the conviction 

that accounting for their individual preferences could indeed improve motivation. A slight 

deviation from normatively optimal decisions in terms of productivity may significantly 

increase pickers’ motivation level, resulting in higher overall performance compared to 

the normative case. Since I4.0, planning models have the possibility to account for a wider 

and more accurate spectrum of input data. Consequently, detailed picker preferences can 

serve as additional input to support operational decisions. Converting preferences into 
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modelling constructs could come from a utility-underpinned research method (Larco 

2010), thereby contributing to our first and fourth recommendations. For example, the 

use of discrete choice experiments can be an excellent method to rigorously derive 

quantitative measures of people’s aspirations, e.g. Schuir and Teuteberg (2021). Once the 

preferences of individual pickers are elicited, a mathematical optimisation model can be 

developed in which worker utility (as a proxy for work satisfaction) and/or economic 

performance are maximised. Frameworks for the integration of discrete choice models in 

mixed-integer already exist (e.g. Pacheco et al. 2021), albeit not tailored to an industrial 

context like order picking. Heterogeneity in picker preferences, and the resulting impact 

on the subjective worker well-being modelling construct(s) as a result of centralised 

decision-making, can be captured by for example a random parameter (or mixed) logit 

model. In addition, DCEs are conventionally enriched with a socio-demographic 

questionnaire. It would be interesting to investigate whether preference patterns can be 

discovered among the workforce and to what extent these patterns could contribute to 

WH planning. The above-discussed approach can be applied to many decision problems, 

such as the job assignment planning problem since it is very likely that pickers have 

diverse preferences for certain order attributes. 

A second aspect that frequently recurred involves the timely provision of feedback 

on picker performance. I4.0 hardware tools, such as smart watches, are useful to provide 

hands-on real-time feedback. Studies have already demonstrated the potential benefits of 

accurate real-time feedback systems (Zhang et al. 2021). Despite the observation that not 

all pickers are proponents of immediate feedback provision, companies should 

contemplate its implantation, as it could influence work-related stress perceptions, 

thereby contributing to the I4.0-to-I5.0 transition. Experimental studies and use cases are 

suitable to configure an appropriate individualised user-interface (Schwerdtfeger et al. 
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2011). In this way, pickers can have tailor-made tools at their disposal to optimise for 

motivational and work rate-related impacts. The experimentally quantified repercussions 

of feedback provision can be integrated in simulation or mathematical optimisation 

models in the form of work rates that depend on relative performance. For instance, an 

agent-based simulation model would be highly convenient to incorporate dynamic work 

rates that depend on the frequency and content of real-life feedback reports. Based on the 

ad hoc circumstances, the ex-ante optimal order-to-picker assignments might 

underperform in practice and require adjustments. Another example pertains to 

mathematical optimisation models, where the processing time of an operator can be 

corrected for his expected remaining efforts for attaining the daily target. In studies that 

examine the feedback process, varying work rates and socio-demographic worker 

differentiations should be carefully evaluated as an addition to subjective worker 

experience and judgement modelling constructs. This is linked to our second and third 

generic recommendations. 

The third concern relates to so-called ‘higher-level’ human factors such as 

teamwork and leadership and are greatly important for worker well-being. For example, 

studies show that the importance of a competent team leader cannot be overstated for a 

safe and efficiently operating warehouse (De Vries, De Koster, and Stam 2016b; 

Lambrechts et al. 2021). An interesting study that addresses this topic responds to earlier 

claims from Elbert et al. (2017). The authors infer that measures to mitigate route 

deviation probabilities are worthy of investigation. An experimental study could shed a 

new light on the respective matter. In particular, a factorial design regarding supervisory 

presence (e.g. limited, moderate, or continually) and style (e.g. authoritarian, coaching, 

or pacesetting) could be used to evaluate the appropriate supervision strategy for a given 

routing policy. The study’s investigated modelling constructs can be manifold, for 
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example stochastic worker behaviour (e.g. route deviation probabilities), subjective 

worker experience and judgement (e.g. job control and monitoring acceptance measures), 

and varying work rates (e.g. supervisory-dependent work rates). As a consequence of 

their explorative nature, case studies and qualitative studies are deemed appropriate to 

unveil other relevant ‘higher-level’ HFs, their psychological impact, and 

interdependencies with other modelling constructs. This directly responds to our first and 

fourth recommendations. 

A final concern is the occurrence of boredom as a result of monotonous work 

days. Boredom can be associated with accidents, decreased job satisfaction and reduced 

performance (Azizi, Zolfaghari, and Liang 2010). Mathematical expressions for boredom 

have, however, not yet found their way to research on OP, despite its repetitive nature. 

For example, minimising pickers’ boredom when assigning workers to WH zones would 

be an effective manner to improve worker well-being. Insights from the boredom 

modelling research stream can be a good starting point (Azizi, Liang, and Zolfaghari 

2013). Interviewees suggested a well-designed break and job rotation schedule as one of 

the plausible means to mitigate work monotony and related boredom. When pursuing an 

accurate job rotation schedule, it is essential to account for a wide range of factors, 

including intervening in the learning process, preventing boredom, broadening pickers’ 

skill set, and many more. This directly relates to our second recommendation, and is 

feasible as a result of advanced I4.0 technological developments. Although it could be 

claimed that break and job rotation schedules have to be stipulated at an aggregate level 

(Grosse et al. 2015), they could also be integrated with specific OP planning problems. 

As an illustration, the replenishment planning problem is currently not linked to 

considerations with regards to break and job rotation schedules. Replenishing is often 

restricted to moments at which no orders are being picked (De Koster, Le-Duc, and 
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Roodbergen 2007), implying that some workers might have a break. The timing and the 

duration of these breaks could be aligned with the replenishment operations so that the 

required amount of goods is at its respective storage location at the start of the next 

picking shift. Due to new I4.0 technologies and resulting information availability, 

accurately tracking WH inventory may contribute to a lean OP system. Hence, the ideal 

proportion of replenishers to pickers, as well as the break scheduling could be studied 

using an inventory holding cost minimisation model. Dedicatedly committing resources 

in a harmonised way could decrease stock shortages, picker congestion, and resulting pick 

time increments and frustrations. Mathematical optimisation and simulation models have 

in the past proven to be excellent research methodologies to cope with this type of 

research (Allwood and Lee 2004; Azizi, Zolfaghari, and Liang 2010). Although the list 

of proposed concerns is not exhaustive, it outlines some important features which are 

currently not sufficiently addressed in order picking literature in respect to the I4.0-to-

I5.0 transition. More and similar modelling requirements could be uncovered by 

additional qualitative research (Grosse et al. 2016) and data-driven approaches such as 

process mining. This contributes to the first generic recommendation, namely the 

exploration of new HF-related phenomena that significantly influence operator 

performance and well-being. 

5. Conclusion

Human influences on order picking systems have largely been ignored in the past. 

However, most recently, this research stream has gained momentum. Researchers have 

started to recognise the distinctive characteristics of human operators and have engaged 

in designing systems that are specifically tailored to them, partly driven by the expedient 

transition from Industry 4.0 towards Industry 5.0. Despite the indisputable link between 
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this transition and human factors, few studies exist that holistically look at both concepts 

simultaneously. Prior review articles identified the most prominent human factors 

categories and examined their prevalence in planning problems. Our review proposes a 

concrete toolset of five modelling constructs (varying work rates, quantitative physical 

state indicators, stochastic worker behaviour and work execution, subjective worker 

experience and judgement, and socio-demographic worker differentiations) that can be 

used to humanise order picking planning problems. We adopt a multimethod approach, 

constituted by a profound literature review and semi-structured interviews, to establish 

these modelling constructs and to assess their compatibility with leading research 

methodologies. Throughout the discussion, we cross-check academic practices with 

practitioners’ concerns, thereby guaranteeing external validity and providing a multitude 

of relevant research opportunities. In addition, we address why and how future I4.0-to-

I5.0 research might benefit from the proposed modelling constructs. Results suggest that 

the elementary human-related phenomena which are embedded in research papers still 

necessitate a thorough development process, both in depth and in breadth. Academic 

research has insufficiently comprehended and incorporated human behaviour in 

operational models. 

The findings of this study have to be seen in the light of some limitations. For 

example, our literature sample consists of 57 papers, which can be considered as limited. 

Nonetheless, this relatively small number should trigger awareness that this research topic 

is under-studied and requires more attention. In addition, we added a second layer of 

information, i.e. expert interviews, to detect relevant but currently missing aspects within 

this field. The sampling strategy for these interviews might pose a second limitation. 

Namely, interviewees were employed at large multinational companies with relatively 

advanced order picking systems. Hence, concerns that might arise in smaller enterprises 
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could remain undetected. Despite this seemingly biased sample, we argue that our current 

sample scope is indeed the most adequate, since our focus is on improving the current 

state-of-the-art. 

This study presents several valuable managerial insights. Researchers and 

warehouse managers are aware that persistently holding on to unrealistic assumptions 

about human operators biases the operational decision-making process. However, a set of 

holistic principles to rigorously integrate human factors in order picking planning was 

still missing. The present study lays the foundations to facilitate the process of designing 

human-centric order picking systems and frames them in the context of the I4.0-to-I5.0 

transition. Although the proposed modelling constructs should not be considered as 

deeply exhaustive, they provide a convenient toolset to support human factors integration 

and a large set of practice-based research opportunities. Furthermore, the insights that 

emerged from our analysis can be applied to various (industrial) environments. More 

precisely, findings are not only restricted to a warehousing context, but could easily be 

translated to other research domains, e.g. manufacturing or luggage handling. This review 

thus helps to promote and facilitate the integration of human factors in generic planning 

models. Future models will be more usable in practice and enhance working conditions 

for employees that work within configured systems. We hope that the constructs 

discussed in this paper serve as inspiration for a more accurate system design in pursuit 

of Industry 5.0. 
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