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Abstract: Order picking is a crucial but labor- and cost-intensive activity in the retail logistics and
e-commerce domain. Comprehensive changes are implemented in this field due to new technologies
like AI and automation. Nevertheless, human worker’s activities will be required for quite some
time in the future. This fosters the necessity of evaluating manual picker-to-part operations. We
apply the non-parametric Data Envelopment Analysis (DEA) to evaluate the efficiency of n = 23
order pickers processing 6109 batches with 865,410 stock keeping units (SKUs). We use distance
per location, picks per location, as well as volume per SKU as inputs and picks per hour as output.
As the convexity axiom of standard DEA models cannot be fully satisfied when using ratio measures
with different denominators, we apply the Free Disposal Hull (FDH) approach that does not assume
convexity. Validating the efficiency scores with the company’s efficiency assessment, operationalized
by premium payments shows a 93% goodness=of-fit for the proposed model. The formulated non-
parametric approach and its empirical application are promising ways forward in implementing
empirical efficiency measurements for order picking operations within e-commerce operations.

Keywords: data envelopment analysis; FDH; retail logistics; order picking; e-commerce

1. Introduction

Electronic commerce and retail logistics are facing a multitude of technology-driven
changes in current times [1–7]: order picking has been identified as one of the most
labor-intensive as well as costly activities within warehouse logistics and is experiencing
changes due to new technologies in the form of artificial intelligence and automation.
As human worker’s activities will be required for a long time to come, investigating the
efficiency of the human workforce and warehouse processes is of central importance for
e-commerce businesses. At the same time, quantitative insights regarding human order
pickers’ performance and empirical investigations through non-parametric methods are
rare. In order to address this research gap, we measure and compare the efficiency of
order pickers by applying the data envelopment analysis (DEA) methodology for a dataset
obtained from a large German food retailing company. The order picking data contains
6109 batches, with 865,410 picked SKU proceeded by n = 23 pickers for one month. Each
order picker is treated as an individual decision-making unit (DMU) within the analysis.
This is a new method approach and could inspire more research projects on the use of
non-parametric efficiency measurement techniques on specific retail and e-commerce fields.

Due to the lack of prior research on the efficiency of order pickers through non-
parametric efficiency measurement, this article aspires to answer the following two research
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questions: (1) What are the components of an efficiency analysis aimed to evaluate picker-
to-part order picking? and (2) What is the goodness-of-fit for the DEA model compared to
the company’s efficiency assessment?

The relevance of these questions becomes prominent when looking at the rapid and
versatile advances of digitalization, automation, and AI in warehouse logistics. Therefore,
the contribution of this paper is twofold: (1) elaborating, justifying and applying Data
Envelopment Analysis (DEA) as a novel method for evaluating work systems of blue-collar
workers, and (2) quantifying the efficiency of order pickers through a non-parametric
method with empirical real-live data.

This paper is structured as follows: the literature framework in Section 2 highlights
existing research streams on the efficiency of order picking that can be separated into (1)
technology development, (2) human factors, (3) specifics in individual application areas,
as well as (4) planning and optimization. Section 3 describes the data and sample used in
this research project and introduces DEA as a non-parametric performance measurement
method. After selecting applicable inputs and outputs, Section 3.4 highlights the method-
ological approaches that have recently been discussed to enable the use of ratio measures
in DEA by applying non-convex DEA models. In the empirical results section, we present
the efficiency scores of all 23 DMUs. All scores are validated through a comparison with
the premium payments of the company. The formulated DEA model with a non-convex
frontier through the FDH approach [8] has a 93% goodness-of-fit. Finally, a discussion,
conclusion and an outlook section on future research is presented.

2. Theoretical Framework

As a theoretical framework, the existing literature can be structured in four inter-
connecting areas affecting each other regarding the efficiency of order picking systems (see
Figure 1): First, the technology applied as well as the continuing technology development
play an essential role in order picking. As a series of authors is outlining, concurrent
technical developments are affecting order picking processes and results [9–15].
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Second, the human factor is discussed in several research contributions, as picking
systems require a high level of manual labor in any context. Depending on the specific
application, different systems with a high or a low level of automation are implemented—
but in any case, with human workers included. Topics like learning of human workers,
mitigation of fatigue and tear for human workers, or general motivation and question of
competences are discussed in this field of research [16–20].

Third, planning and organization questions are discussion, especially in operational
research contexts regarding order picking systems. New methods to plan and organize
order picking processes are discussed in the literature and are evaluated compared to
existing methods in order to improve the picking results, e.g., to reduce distances traveled
or mistakes made while picking [21–26].

And a fourth area of the interconnected theoretical framework elements is the question
of specifics in individual application areas. Very different application cases are discussed
in research approaches, from fruit picking in agriculture to online retail order picking in
e-commerce. In general, the important message herein is the fact that individual product
characteristics and requirements shape many of the typical design elements of order picking
systems, especially the efficient level of automation [27–35].

Altogether, the research implemented regarding order picking is a small but diverse
field of science within the overall e-commerce retail logistics management domain. Many
factors influence the resulting picking performance, and especially efficiency analyses are
in high demand as picking volumes are increasing due to, e.g., increasing online orders or
general trade and retail volumes.

3. Materials and Methods
3.1. Case Study Description

The case study is implemented at a large full-range food retailing company that
operates 18 logistics centers in Germany. Every logistics site has one cooled warehouse
storing three major product groups according to the individual temperature zone: (1) fruits
and vegetables, (2) fresh fish and meat, as well as (3) dairy products. In the course of
this paper, we investigate the efficiency of order pickers employed in the warehouse area
for dairy products. The warehouse areas involve a storage area, a picking area, and a
material handling system that refills the picking locations with forklifts from the storage
area. Order picking is performed through a picker-to-part method, whereby the pickers use
industrial trucks for locomotion and a pick-by-voice system to receive information about
(1) the storage location and (2) the picking quantity for an assigned batch via headsets. The
maximum speed of all industrial trucks is equal. Figure 2 summarizes the picking process.

The manual order picking process is as follows: (1) get empty transportation aids; (2)
receive a general order data from picking system; (3) receive a storage location for picking;
(4) move to a storage location on the industrial truck; (5) pick an SKU from a storage
location; (6) put SKU on a transportation aid; (7) verify pick by scanning verification code;
(8) repeat (4) to (7) until the batch is finished; (9) receive the location of the nearest printer
for a label; and (10) bond the label onto the completed order. Orders of the supermarket
stores are decomposed into batches according to the volume of the SKU and the volume
of the transportation aid, which is a rolling container for all batches examined in this
case analysis. The order picking data contains 6109 batches, with 865,410 picked SKU
proceeded by n = 23 pickers for one month. Each order picker is treated as an individual
decision-making unit (DMUs) within the analysis.



J. Theor. Appl. Electron. Commer. Res. 2021, 16 849

JTAER 2021, 16, FOR PEER REVIEW 4 
 

 

the storage location and (2) the picking quantity for an assigned batch via headsets. The 

maximum speed of all industrial trucks is equal. Figure 2 summarizes the picking process. 

 

Figure 2. Manual picking process for picker-to-part scenarios of the case study. 

The manual order picking process is as follows: (1) get empty transportation aids; (2) 

receive a general order data from picking system; (3) receive a storage location for picking; 

(4) move to a storage location on the industrial truck; (5) pick an SKU from a storage loca-

tion; (6) put SKU on a transportation aid; (7) verify pick by scanning verification code; (8) 

repeat (4) to (7) until the batch is finished; (9) receive the location of the nearest printer for 

a label; and (10) bond the label onto the completed order. Orders of the supermarket stores 

are decomposed into batches according to the volume of the SKU and the volume of the 

transportation aid, which is a rolling container for all batches examined in this case anal-

ysis. The order picking data contains 6109 batches, with 865,410 picked SKU proceeded 

by n = 23 pickers for one month. Each order picker is treated as an individual decision-

making unit (DMUs) within the analysis. 

3.2. Non-Parametric Efficiency Measurement 

The DEA method is a non-parametric optimization method of linear programming 

for measuring the relative efficiency of decision-making units (DMUs) with multiple in-

puts and outputs. A basic model was introduced by Charnes, Cooper and Rhodes in 1978 

and is based on Koopmans activity analysis concept [36] together with the publications of 

Debreu and Farrell dealing with radial efficiency measurements [37,38]. The optimization 

method can be based on constant returns to scale (CRS) in the CCR-model [39] or variable 

returns to scale (VRS) in the BCC-model [40], and each case with an input or output ori-

entation. The mathematical formulation of the CCR model is as follows [39]: 

where 

 Ur = the weight given to 

the output r; 

 yrj = amount of output r 

produced by DMU j; 

𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 𝑠𝑐𝑜𝑟𝑒 =
∑ 𝑢𝑟𝑦𝑟𝑗

𝑡
𝑟=1

∑ 𝑣𝑖𝑥𝑖𝑗
𝑚
𝑖=1

  (1) 
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3.2. Non-Parametric Efficiency Measurement

The DEA method is a non-parametric optimization method of linear programming for
measuring the relative efficiency of decision-making units (DMUs) with multiple inputs
and outputs. A basic model was introduced by Charnes, Cooper and Rhodes in 1978 and is
based on Koopmans activity analysis concept [36] together with the publications of Debreu
and Farrell dealing with radial efficiency measurements [37,38]. The optimization method
can be based on constant returns to scale (CRS) in the CCR-model [39] or variable returns
to scale (VRS) in the BCC-model [40], and each case with an input or output orientation.
The mathematical formulation of the CCR model is as follows [39]:

maximize e f f iciency score =
∑t

r=1 uryrj

∑m
i=1 vixij

(1)

subject to =
∑t

r=1 uryrj

∑m
i=1 vixij

≤ 1, j = 1, . . . , n (2)

ur, vi ≥ ε, ∀r and i (3)

where

Ur = the weight given to the output r;
yrj = amount of output r produced by DMU j;
vi = the weight given to input i;
xij = amount of input i used by DMU j;
n = the number of DMUs;
t = the number of outputs;
m = the number of inputs;
ε = a small positive number.

The basic idea is to calculate an efficiency frontier that is used as a best practice input-
output combination for the underlying production scenario. A score of 1.0 indicates that a
DMU is efficient and positioned on the efficiency frontier, whereas the relative inefficiency
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of other DMUs can be determined by measuring the distance between individual DMU
performance and the efficiency frontier. Measuring the efficiency under the assumption
of CRS is known as overall technical efficiency (OTE). This includes the determination of
(in-) efficiency based on (1) the input-/output- transformation, meaning pure technical
efficiency (PTE), as well as (2) the size of operations, meaning scale efficiency (SE). This
decomposition is possible under VRS [40–42].

The explained traditional and deterministic DEA models require the availability of
exactly the known values for the specified input and output measures. Hatami-Marbini
et al. (2017) argue that this kind of model is susceptible to changes or errors in data
values [43]. As the data in real-world problems tend to be imprecise or vague, researchers
have been working on DEA models that aspire to deal with uncertain input and output
data. Hatami-Marbini et al. (2013) differentiate between (1) stochastic approaches that
manipulate uncertain data in DEA via probability distributions, which requires a priori
predictable regularity or a posteriori outcome data [44], and (2) models with membership
functions of the fuzzy sets theory [45]. A fuzzy DEA approach was first proposed by
Sengupta (1992) [46]. Lertworasirikul et al. (2003) [47] and Hatami-Marbini, Emrouznejad,
and Tavana (2011) [48] distinguish four groups of fuzzy DEA models with (1) a fuzzy
ranking approach [49]; (2) a possibility approach [47]; (3) a tolerance approach [46]; and
(4) an α-level-based approach [50]. In the latter, the fuzzy DEA model is converted into a
pair of parametric programs aspiring to find the lower and upper bounds of the α-level of
the membership functions of the efficiency scores [51]. In this investigation, we propose a
fuzzy DEA model with an α-level-based approach to evaluate the interval efficiency of a
set of DMUs with fuzzy inputs and outputs.

3.3. DEA Model Design

The selection of applicable inputs and outputs, as well as the design of a suitable DEA
model, is a well-known source of pitfalls within the DEA literature [52]. Researchers are
often facing a field of tension between the (I) empirical quantitative data that is provided by
companies for case studies in praxis-oriented research, (II) the restrictions of the DEA model
concerning input-/output selection, and (III) the interests and preferences of managers.
Therefore, we follow Jain, Triantis, and Liu, S. (2011) [53], who propose a framework for
DEA applications for manufacturing performance measurements and target setting: (step
1) select applicable inputs and outputs, (step 2) validate the inputs and outputs through
company data, (step 3) select a suit-able DEA model, and (step 4, Section 4.) execute a
DEA model.

Step 1: Select applicable inputs and outputs: The selection of input and output factors
is based on (1) the order picking process explained in Section 3.1 and (2) the available data
provided by the company. To ensure a high validity of our DEA model, we follow Dyson
et al. (2001) [52] for the input/output selection. First, mixing indices and volume measures,
as well as integrating percentages, can lead to distortions of the efficiency scores. Second,
linked input/output values have to be avoided, e.g., when considering volume measures
(x) such as total working hours and costs resulting from the total working hours (p × x)
such as total personnel costs of order pickers. The following figure illustrates the linkage
between the order picking process and input/output factors (see Figure 3).
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I1 distance/location: The distance traveled by pickers has a significant impact on the
total throughput time of a batch and, consequently, the individual performance of order
pickers. Pickers that process a batch with a long travel distance need to perform the picking
operation faster than order pickers with a short distance when aspiring to be equally
efficient. The effort of traveling a required distance to fulfill a batch is operationalized by
the sum of traveled meters per location among all batches. The data are obtained per batch
and per order picker.

I2 picks/location: The density of picking operations per storage place significantly
influences the picking time. The efficiency of an order picker processing (1) a batch with
10 picks at 1 location, has to be treated differently compared to (2) a batch with 1 pick
at 10 locations. The effort of a picking operation per storage place is operationalized by
the total picks per location among all batches. The data are obtained per batch and per
order picker.

I3 volume/SKU: The volume and weight of picked products is an important measure
to assess the handling effort while picking SKUs. The efficiency of an order picker lifting
(1) many large-scaled SKUs has to be treated differently compared to pickers that lift (2)
many small-sized SKUs. As data for the weight/SKU are not available, we operationalize
the volume-depending effort of pickers by volume/SKU.

O1 picks/hour: The physically compiled orders are the primary objective of every
order picking process and, therefore, is a meaningful output. As all inputs are ratios, we
operationalize the order pickers output with picks/hour. As a high output per hour is
associated with an efficient operation, O1 is a desired output.

Step 2: Validate the inputs and outputs through company data: Dyson et al. (2001) fur-
thermore state that a cross-correlation of the available factors has to be avoided. Therefore,
the following table summarizes the key attributes of the dataset by applying descriptive
statistics. Furthermore, a correlation matrix with the correlation coefficient r was calculated
(see Table 1).

The results indicate that there is no linear statistical relationship between the applied
input and output measures.

Step 3: Select orientation of DEA model: DEA models can aspire to (1) maximize
desirable outputs, (2) minimize undesirable outputs, (3) maximize desirable inputs, or (4)
minimize normal inputs [54]. In the course of this paper, we use an output-oriented model.
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Table 1. Attributes of the dataset and correlation matrix for applied input and output measurements.

I1 I2 I3 O1

Min 0.990 0.003 0.560 49.220
Mean 1.337 0.016 0.955 306.701
Max 10.500 0.180 7.280 519.210
Sd 0.387 0.012 0.288 67.158
I1 1.00 −0.18 0.18 0.21
I2 1.00 0.47 −0.03
I3 1.00 0.16
O1 1.00

3.4. DEA Ratios

The input and output factors of the designed DEA model are ratios that quantify the
relationship between two characteristics of an order picking system, e.g., picks (A) and
location (B), expressing the number of times A occurs within B. Taking the basic DEA
model formulation in formula (1) into consideration, the application of ratio measures
with identical denominators is unproblematic. Supposing that we use a single costs input
and express it per batch, the DEA model formulation remains unaltered if we also divide
the outputs by the number of batches. On the other hand, the use of ratio measures
with different denominators is critical for standard DEA models as the convexity axiom
embedded in standard DEA models cannot be fully satisfied, which is an ongoing challenge
in the DEA literature [55]. In the debate, different streams can be identified. In the first
stream, researchers argue that ratios cannot be applied in DEA models and suggest using
the underlying volume measures of ratios as input/output factors, meaning the numerator
and denominator in ratios [56,57]. This may be suitable if the data are available, which
is not the case for our observation. In the second stream, authors are proposing concrete
model designs for standard convex DEA models. One example is Hollingsworth and Smith
(2003), who argue that the BCC model with VRS has to be used in these cases to gain
reliable results [58]. The approaches are mostly debunked by numerical examples arguing
that ratio measures do not satisfy the standard production assumptions, more precisely,
that the technology is a convex set. In a third stream, researchers propose new model
formulations, such as the ratio-CRS and ratio-VRS by Olesen, Petersen, and Podinovski
(2015) [59].

As the main argument of the authors is the violation of the convexity assumption
in standard DEA model that is not satisfied if the denominators of ratio measures are
different, the question arises of how non-convex DEA models can solve this problem.
Olesen, Petersen, and Podinovski (2015) state that FHD models can, in principle, be used
for volume and ratio measures. They argue that inputs and outputs cannot be scaled well,
leading to overestimated efficiency values and the discrimination of less efficient DMUs.
However, the authors do not present numerical examples to underline their argument.

In the course of this investigation, we calculate the efficiency of the order pickers with
three non-convex DEA models: (1) non-convex Free Disposal Hull (FDH) proposed by
Deprins, Simar, and Tulkens in 1984 [60], (2) non-convex Free Replicability Hull (FRH)
proposed by Tulkens in 1993 and by Agrell and Tind in 2001 [8,61], and (3) non-convex
Elementary Replicability Hull (ERH) proposed by Agrell and Tind in 2001. Hereafter, the
models are calculated by applying the proposed fuzzy DEA model with an α-level-based
approach to evaluate the interval efficiency of a set of DMUs with fuzzy inputs and outputs.

4. Empirical Results

In this section, we present the empirical results obtained through calculations with
the above-designed DEA model and methodological variations. To validate the calculated
DEA results, we oppose the efficiency scores with the performance assessment of the
company. In practice, this assessment is done through premium payments paid to the
order pickers, as the aim of the premium is to reward pickers for their performance. The
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bonus is based on a time-depending target-performance comparison per batch. The target
time is calculated by the order picking system, and the real-time is obtained through the
beginning (picker receives batch information) and the end of the batch (the label is printed).
It is operationalized as a ratio: when the target time of a batch is 10 min, and the picker
completes the batch after 8 min, the company’s indicator is 1.25. Indices <1 express that the
picker needed more time than proposed (see Table 2).

Table 2. Results of non-convex models and company assessment.

FDH FRH ERH Company

DMU 1 1.00 1.00 1.00 1.39
DMU 2 0.58 0.84 0.84 0.80
DMU 3 0.83 0.93 0.93 1.11
DMU 4 0.75 0.96 0.96 0.97
DMU 5 0.88 1.00 1.00 1.26
DMU 6 0.82 0.99 0.99 1.15
DMU 7 0.86 0.93 0.93 1.07
DMU 8 0.72 1.00 1.00 1.00
DMU 9 0.95 1.00 1.00 1.21
DMU 10 0.62 1.00 1.00 0.82
DMU 11 0.84 0.91 0.91 1.05
DMU 12 0.83 0.91 0.91 1.05
DMU 13 0.91 1.00 1.00 1.15
DMU 14 0.77 1.00 1.00 1.09
DMU 15 0.83 1.00 1.00 1.16
DMU 16 0.73 1.00 1.00 1.01
DMU 17 0.65 0.82 0.82 0.88
DMU 18 0.80 1.00 1.00 1.08
DMU 19 0.73 1.00 1.00 1.00
DMU 20 0.66 0.91 0.91 0.91
DMU 21 0.71 0.86 0.86 1.00
DMU 22 0.70 1.00 1.00 0.96
DMU 23 0.75 0.78 0.78 1.11

r (company) 0.93 0.37 0.37 1.00

The results indicate that the FDH method meets the company’s assessment well. With
a correlation coefficient of r = 0.93, it is the method of choice for the order picking case
study. We interpret this as a 93% goodness-of-fit for the proposed DEA model. On the
other hand, the FRH and ERH models are unsuitable, with an r = 0.37.

As the second step of the analysis, we run a fuzzy DEA model with fuzzy inputs and
outputs. The fuzziness is derived from differing ratios in the whole observation time of
one month. The frontier remains non-convex, as in the previous example. We present the
lower and upper bond scores of the fuzzy DEA and correlate the lower-bound values with
the company’s assessment to evaluate the goodness-of-fit (see Table 3).

The minimum ratios per order picker distort the efficiency calculation, leading to
underestimated efficiency values and, additionally, to significant discrimination of less
efficient DMUs. Therefore, this numerical example can support the arguments of Olesen,
Petersen, and Podinovski (2015) regarding the use of ratio for non-convex models, but
only within the fuzzy α-level-based approach to evaluate the interval efficiency of a set of
DMUs with fuzzy inputs and outputs.
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Table 3. Results of non-convex models and company assessment.

FDH
Lower

FDH
Upper

FRH
Lower

FRH
Upper

ERH
Lower

ERH
Upper Company

DMU 1 0.25 1.00 0.30 1.00 0.30 1.00 1.39
DMU 2 0.12 1.00 0.15 1.00 0.15 1.00 0.80
DMU 3 0.05 1.00 0.05 1.00 0.05 1.00 1.11
DMU 4 0.16 1.00 0.19 1.00 0.19 1.00 0.97
DMU 5 0.17 1.00 0.21 1.00 0.21 1.00 1.26
DMU 6 0.04 1.00 0.05 1.00 0.05 1.00 1.15
DMU 7 0.10 1.00 0.11 1.00 0.11 1.00 1.07
DMU 8 0.17 1.00 0.20 1.00 0.20 1.00 1.00
DMU 9 0.09 1.00 0.10 1.00 0.10 1.00 1.21
DMU 10 0.10 1.00 0.11 1.00 0.11 1.00 0.82
DMU 11 0.12 1.00 0.13 1.00 0.13 1.00 1.05
DMU 12 0.14 1.00 0.17 1.00 0.17 1.00 1.05
DMU 13 0.13 1.00 0.13 1.00 0.13 1.00 1.15
DMU 14 0.12 1.00 0.13 1.00 0.13 1.00 1.09
DMU 15 0.23 1.00 0.25 1.00 0.25 1.00 1.16
DMU 16 0.14 1.00 0.15 1.00 0.15 1.00 1.01
DMU 17 0.09 1.00 0.09 1.00 0.09 1.00 0.88
DMU 18 0.18 1.00 0.22 1.00 0.22 1.00 1.08
DMU 19 0.20 1.00 0.21 1.00 0.21 1.00 1.00
DMU 20 0.15 1.00 0.18 1.00 0.18 1.00 0.91
DMU 21 0.14 1.00 0.18 1.00 0.18 1.00 1.00
DMU 22 0.16 1.00 0.17 1.00 0.17 1.00 0.96
DMU 23 0.09 1.00 0.12 1.00 0.12 1.00 1.11

r (company) 0.251 0.253 0.253 1.00

5. Discussion and Limitations
5.1. Summary of Findings

The aim of this article was to develop and apply a non-parametric methodology
to evaluate the efficiency of order pickers as a typical blue-collar work task in retail
logistics and electronic commerce. Real-live data of n = 23 order pickers processing
6109 batches with 865,410 stock-keeping units (SKUs) was implemented and analyzed.
As the convexity axiom of standard DEA models cannot be fully satisfied when using
ratio measurements with different denominators, the FDH approach was applied that
does not assume convexity. Validating the efficiency scores with the company’s efficiency
assessment, operationalized by premium payments, shows a 93% goodness-of-fit for the
proposed model. This proved that the presented methodological approach is feasible for
further research in measuring the efficiency of order pickers.

5.2. Theoretical Implications

The concept suggestion and application with real-life data from retail logistics showed
that non-parametric efficiency measurements for order picking processes is a feasible
concept. Therefore, further theoretical applications and method extension can and will be
developed based on this in individual research and method proceeding endeavors.

In addition, the specific perspective of individual order pickers is an analytical basis
for efficiency evaluations in this context. This is an important change, as most research
concepts (for example [2,30,31]) in the past have applied the technical system perspective
as a basic unit of analysis. In this sense, a new field of analysis and discussion for order
picking and electronic commerce processes was opened up by this paper.

The specific efficiency measures reported from the real-life use cases have to be
evaluated and replicated in other electronic commerce process settings. However, this
might lead in the end to a pool of efficiency value empirical benchmarking data to be
used for research as well as practical implications. For example, the feasible range of
human operator order picking, depending on the products and contexts involved, might
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be an important theoretical outcome and a basis for further discussion, especially in the
application of further digital systems in order picking.

5.3. Managerial Implications

The specific managerial implications from this research for electronic commerce logis-
tics managements address the question of a continued analysis of human efficiency in order
picking in day-to-day business practice. This paper provided a methodological approach as
groundwork for this task and enables retail and e-commerce businesses to efficiently tackle
the analysis question. Therefore, we reduced the transaction costs of scientific management
approaches by lowering the entrance hurdles (qualification) as well as costs (time to invest)
for operational retail managers interested in the efficiency of order pickers.

Additionally, the methodological approach allows logistics managers to evaluate
order pickers’ efficiency though integrating multiple dimensions while simultaneously
considering behavioral aspects of humans working within operations systems of electronic
commerce logistics. While logistics practitioners often utilize two-dimensional measures
to evaluate order pickers efficiency, e.g., picking a time per stock keeping unit, these
parametric measures do not take the warehouse structure into account. Hence, practitioners
tend to argue that order pickers operating under different conditions, e.g., picking in
different warehouse areas, are incomparable operational processes. Our contribution is a
way forward in enabling a unified view on warehouse processes in electronic commerce
logistics. Last, our methodology can be applied with picking logs that are available in
most warehouse management systems (WMS) without further data aggregation or analysis.
While most parametric methods rely on the exact retracement of order picker movements
through complex path analysis, our approach utilizes order picking data that are typically
included in WMS batch data. Therefore, it is easy to adopt in practice.

A further field of practical implications is addressing the question of individual
result analysis and communication for the workers measures regarding their efficiency
of work. This will be a future field of research and management concepts required as
human motivation may be impacted strongly by such results and their communication.
Therefore, HR managers, together with logistics and electronic commerce managers, will
collaborate with researchers from the fields of HRM, psychology and sociology in order to
develop suitable concepts for motivating communication concepts in this domain. A fitting
example might be the movement of personal fitness analysis and communication where
most information is perceived as motivating and supporting instead of demotivating. To
follow this line or reasoning and communication, design might be crucial for improving
the measured efficiency values, avoiding too much resistance from workers on this issue.

5.4. Limitations

Limitations of the presented study include the following points which are important
to understand the value of the analysis: (1) there is one case in retail logistics, with 23 per-
sons included. This limitation is crucial for further discussions as specific situations and
frameworks for this case have to be considered and complementary research approaches
where the number of participants should be increased. (2) The individual performance
was only measured by applying different DEA models. Further research should, therefore,
survey capability-related measurements, e.g., IQ or BMI of the order pickers and oppose
these results to the efficiency scores. (3) The presented case only looks into a very small
area of order picking. As outlined in the theoretical framework section, high variations
between different picking contexts occur, e.g., the number of articles, size of the warehouse,
and product placement within the warehouse. This should be extended into further is-
sues like quality and sustainability as well as innovation and technology development of
working systems in order picking [62–65]. (4) Within this analysis, one specific timeframe
is analyzed. Interesting insights in addition might be gleaned from a longer timeline and
analysis approach. Therefore, methodological extensions dealing with panel data, e.g.,
DEA window analysis, should be tested in future research.



J. Theor. Appl. Electron. Commer. Res. 2021, 16 856

6. Conclusions

Altogether, the empirical efficiency of order picking systems is a major research interest
from science as well as business practice perspectives in the e-commerce and retail logistics
domain. First, further research could dive deeper in the non-parametric examination of
order pickers efficiency trying to find the reasons for occurring inefficiencies. Therein,
slack-based measurements could be a promising concept to evaluate which order picker has
to minimize or maximize which input-/output factor to enhance the individual efficiency
compared to best practice order pickers. Second, building a bridge between the non-
parametric and the parametric schools of thought could lead to promising insights. While
the beta-coefficients quantify the degree of change in the outcome variable (e.g., seconds
per pick) for every 1 unit of change in the predictor variable (e.g., picks per location)
within parametric methods, it can be interesting to compare these measures with the slack-
based measurement in DEA expressing the reason for inefficiencies. Last, drawing on
behavioral operations management, our model does not differentiate between the physical
and cognitive factors of human operators. As order picking in electronic commerce logistics
is a labor-intensive task, the physical state of humans may play a crucial role. Moreover,
these logistics systems are highly digitalized, which requires a certain amount of mental
work during the order picking process. Developing models for a joint evaluation of these
factors, probably through the lens of behavioral operations management or human factors
(from an engineering perspective), may result in interesting new insights.

This paper contributed in an original and specific way to the knowledge in this
field by providing new empirical as well as new method knowledge on the issue of non-
parametric efficiency measurements for order picking as a central process in electronic
commerce environments.
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