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Abstract

This thesis is motivated by the need to develop further knowledge on key concepts of efficiency in the
setting of logistics and customer behaviour in the retail industry. Retailers invest significant resources
in operations management to enhance firm performance and to better cater to customer needs. Because
of the introduction and advancement of online retailing, the brick-and-mortar retail industry has
experienced prominent changes during the last decade to in efforts to contribute to and reinforce the
quest for improvements that enable superior performance. The transition to developing sustainable
physical retail outlets requires that several tenets of retailing best practices be revised to compete with

online retailing.
The overall research question of this thesis is therefore as follows:

Under which conditions and to what extent do retailers manage to facilitate logistical and customer

efficiency?

To address this research question, the thesis reviews the literature and examines efficiency in two
different directions. In the first setting, the link between inventory efficiency and performance is
examined in relation to firm characteristics and exogenous explanatory variables. More specifically, in
addition to general firm-specific characteristics, the effects of chain affiliation and time trends within
retail chains are examined. The effects of business environment factors on inventory turnover are
examined on the basis of geographic location and market conditions. In the customer efficiency
setting, efficiency is studied by observing customers’ in-store behaviours to identify how specific
customer characteristics in general, and the use of in-store carrying equipment in particular, are
associated with shopper efficiency. These two avenues for detecting important retail efficiency metrics

are examined in three individual research papers, all published in international peer-reviewed journals.

The first paper argues that inventory performance varies between and is correlated with retail chain
affiliations. It concludes that the examined retail firms, and retail chains in general, experienced a
negative time trend during the 1998-2013 period, even when firm-specific key financial ratios are

controlled.

The second paper examines logistic performance and efficiency, utilizes the information in the
inventory turnover metric and measures the association with geographic location and market
conditions. It claims that different elements in the business environment are associated with
differences in inventory efficiency. In addition, it identifies regional geographic differences and
suggests that lead time plays a significant role in store performance, depending on the degree of

rurality of the geographic location.



The third paper examines customer in-store behaviour by observing purchases, customer
characteristics, and the use of carrying equipment (cart, basket, or no equipment) while at the same
time measuring different in-store behavioural metrics closely related to effort and efficiency
(convenience). It finds that most shoppers resist using a carrying device and shows that the type of in-
store carrying equipment consistently explains differences in key in-store shopper metrics. In terms of
customer efficiency, it finds that customers who do not use a shopping device when visiting a retail
store have lower efficiency in terms of walking distance per purchased item than those using a basket
or shopping cart. This has important implications for retailers, as shopping trips involving relatively
few items have increased over the past year and now represent a significant portion of all shopping
trips in physical retailing.

The papers empirically demonstrate two different perspectives on efficiency that are important for
retailers to be aware of. From this customer and retailer perspective, several dilemmas exist that have
been only partly covered in the three papers. This dissertation aims to discuss some of these dilemmas
and to demonstrate some of the dualities that exist in the intricate interconnection between the
customer and the retailer in the pursuit of efficiency.

Overall, the thesis offers new insights, makes significant contributions to the literature and to retail
practice in terms of the complex topic of retailer logistical performance and customer efficiency and
develops a better understanding of some tenets of eminent and sustainable brick and mortar retailing.
As such, strategies for retailer efficiency and consumer convenience should not be focused merely on
logistical efficiency or consumer efficiency but should instead be viewed in a balanced way — as a
duality. This is particularly important in situations where consumers make a trade-off between
price/assortment and time/effort (convenience). Both price/assortment and time/effort are factors that
can be significantly affected by retailers’ quest for efficiency. Retailers should therefore be careful to
increase their efficiency at the cost of consumer efficiency, particularly for segments with high

willingness to abandon low cost and better selection in favour of a more efficient shopping trip.
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PART I

If economists did not concern themselves with economic efficiency, nobody would.

-Dennis Holme Robertsen



1. Introduction

Increasingly, the retail industry is becoming an important institution in the intricate machinery needed
to maintain and develop modern society. The spread of the COVID-19 pandemic once again reminded
us of how essential it is for this industry to be continuously able to serve the needs of individuals,
companies and the public. Due to the devastating pandemic event, numerous industries have suffered
severe supply chain disruptions (Wahba, 2021; Nikolopoulos et al. 2021), leading to problems with
sourcing and shelf availability. Instability and unpredictability negatively affect financial performance
(Kovach et al., 2015), and such variations increase the complexity of maintaining efficient operations
while catering to customer needs. Additionally, the ongoing duration of the pandemic has created
persistent challenges for businesses, as time is essential to sustain and improve operational
performance (Ghalayini & Noble, 1996). Additionally, time and effort (convenience) play a vital role
for customers (Reimers, 2014). This is elegantly summarized by Sorensen, who claimed that
“Efficiency and convenience is the glue that binds the United States together” (Sorensen, 2017, p. 32).
From a broader viewpoint, beyond the perspective of customer convenience and the retailer's
continuous quest for increased efficiency, productivity growth is the main tool that enables

improvements in the standard of living and welfare (Parmeter & Sickles, 2020).

This thesis is positioned within the broad literature of economic efficiency and combines two different
but interdependent research themes: logistics management and customer convenience. The field of
inventory management has attracted increased attention in recent decades. One reason for this
emerging interest is that recent studies have empirically identified links between inventory turnover,
inventory leanness and inventory agility and financial and stock performance (Capkun et al., 2009;
Shockley & Turner, 2015; Isaksson & Seifert, 2014; Eroglu & Hofer, 2011; Alan et al., 2014). In
addition, in the field of customer convenience, attention has increased due to research indicating that
shopper efficiency has a positive relationship with sales (Sorensen, 2017) and that attributes of

convenience are linked to a rise in profitability (Kumar & Karande, 2000).

From the overall perspective, this thesis addresses the term “efficiency” in the context of retail firms
and their customers. Efficiency is, in short, defined as “the performance of the processes transforming

a set of inputs into a set of outputs” (Fersund & Hjalmarsson, 1974, p. 141).

99 Cey

Inventory efficiency is most often measured by use of the terms “inventory turnover,” “inventory
days,” and “inventory leanness.” Previous research has found that inventory turnover, for most
industries, has a significant association with gross margin, capital intensity and changes in sales (Gaur

et al., 2005). Studies have also indicated that inventory efficiency varies across different industrial
2



sectors and must be accounted for in empirical analyses (Eroglu & Hofer, 2011; Isaksson & Seifert,
2014). Economies of scope and scale have also been suggested, as increasing firm size is associated
with improved inventory efficiency (Kesavan et al., 2016). At present, the effects of other firm-
specific characteristics on inventory turnover have been less widely examined empirically in the
operations management literature. Although retail chains play an increasingly significant role in the
markets of developed countries (Kosova & Lafontaine, 2012; Perrigot, 2006), the effects of retail

chains on store-level inventory turnover have not been empirically examined.

The most commonly used inventory control models rely on assumptions about lead time for
optimizing when and in what quantity purchases should be made. Environmental factors such as
demand density, urbanization and centrality have been found to be important in several firm-level
efficiency metrics (Aiello & Bonanno, 2016; Ko et al, 2017; Hernant et al., 2007); thus, it is
reasonable to assume that a store’s geographic location may impact its inventory turnover efficiency.
However, researchers have not empirically examined the effects of environmental factors on inventory

turnover.

Shopper efficiency is a key dimension of customers’ in-store shopping experience (Davis & Hodges,
2012). In the literature, customers’ in-store efficiency has been measured using different units of
measurement: deviance between the actual versus the most efficient in-store path (Hui et al., 2009),
shopping duration in seconds (Sorensen et al., 2017; Bogomolova et al., 2016), in-store travel distance
(Larsen et al., 2020), actual spending per time unit (minute or second) or the inverse (Davies & Bell,
1991; Sorensen, 2017), per-item shopping time (Bogomolova et al., 2016), and dollars spent per item
(Davies & Bell, 1991; Sorensen, 2017; Bogomolova et al., 2016). One of the attributes defined as
offering customer convenience is the availability of carts and baskets (Reimers, 2014). However, a
literature review by Larsen & Sigurdsson (2019) shows that only a few studies had examined the
relationship between carrying equipment and shopper behaviour (e.g., Gil et al., 2009; Seiler & Pinna,
2017; Van den Bergh et al., 2011). In addition to the scantiness of this body of knowledge, these
studies have all disregarded the behaviour of shoppers without equipment. Since customers tend to
make more frequent visits to retail stores and buy fewer items, the number of shoppers without
equipment is growing, and these shoppers are thus becoming more attractive to retailers. What is
efficient for the retailer and other customer groups is not necessarily efficient for shoppers without
equipment. To better cater to this segment, retailers need more insights into how this customer group
spends time in the store between shopping (buying what they need) and in-store travel (getting
around). Such insights are essential to develop more efficient solutions that respect the valuable time

and effort of these shoppers during their time in the store.
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Acknowledging the difficulties that firms encounter in remaining competitive by maintaining and
boosting operational performance reveals the need to extend the current body of knowledge and fill
some of the gaps identified in the literature on inventory and customer efficiency. This forms the basis

for the research question (RQ) that this dissertation seeks to clarify.
The RQ to be answered in this thesis is therefore as follows:

Under which conditions and to what extent do retailers manage to facilitate logistical and

customer efficiency?

To further describe the scope of the dissertation, the RQ is divided into three sub-RQs (Q) that align

with three independent empirical papers.
Q1 — Paper I: What role does retail chain affiliation play in inventory turnover performance?
Q2 — Paper Il: How do environmental factors impact inventory performance and efficiency?

Q3 — Paper III: How does shopper efficiency vary depending on customers’ choice of

shopping equipment?

In more detail, paper | aims to empirically examine the role of firm characteristics (key financial
figures), and particularly the role that retail chain affiliation plays in firm-level inventory turnover and
inventory turnover time trends. Paper |1 builds on the results of Paper | and elaborates on these
findings to empirically examine the effects of the business environment on inventory turnover. Finally,
paper 111 aims to examine shopper efficiency (basket size/travel distance) and the role of customer
characteristics (age and gender), with a particular emphasis on the use of carrying equipment (no

equipment, basket, cart) with control variables for shopping period and shopping time.

This thesis condenses the main themes in the attached papers, explores the dualism in shopper and
inventory efficiency and argues that from an overall perspective, a duality exists between customer
convenience and retailer logistical efficiency. It further discusses in more detail some of the intricate

dilemmas that retailers must be aware of when strategies are developed and executed.

The rest of this thesis is organized in two parts. Part I, section 2 outlines a review of the theoretical
background on inventory efficiency and customer in-store efficiency, and section 3 describes the
research design and applied methods. Section 4 presents the papers in this thesis. In the fifth section,

the main results of each of the three papers are discussed in the context of duality, followed by a final



part that describes the contributions and implications of this research and suggests directions for
further research. Part Il presents each individual paper in its full-length version.



2. Theoretical background

This section provides a condensed overview of the theoretical background of the concept of efficiency

and the empirical literature relevant to inventory turnover performance and customer efficiency.

2.1. The nature of efficiency

The British politician and author Benjamin Disraeli once wrote, “There can be economy only when

there is efficiency.”

This statement supports many basic topics in economic theory and can be understood in a number of
contexts. Even though the term “efficiency" is frequently used in research, management and daily
language, no clear and common agreed-upon definitions exist (Neely et al., 2005; Tangen, 2005). To
further complicate the understanding of the term, it is frequently used interchangeably with
“productivity.” In this section, an attempt is made to clarify the meanings of the concepts of

productivity, performance and efficiency.

The term “productivity” has several interpretations; it has been described from both verbal and
mathematical perspectives and hence is a multidimensional term with varying meanings that depend
on the context (Tangen, 2005). Productivity is commonly referred to as the relationship between input
and output (Heady, 1952; Tangen, 2005). To identify productivity, the effects of production processes
must be analysed, and in some fields of research, this process is labelled technology, as it depicts the
underlying production process. The methodology of analysing productivity can be used for any
economic system, from the firm level to the country level (Heady, 1952; Sickles & Zelenyuk, 2019).
To assess productivity, a comparison must be made on the basis of either a standard (Fersund &
Hjalmarsson, 1974), as a change over time, or a comparison with other firms at a certain point in time
(Tangen, 2005). According to researchers (National Academy of Sciences, 1979), the main areas of
application for productivity measurements are identifying the need for cost reductions and production

planning and identifying productivity development over specific periods.

Efficiency within economics research has been explained as a relative concept that concerns “the
performance of the processes transforming a set of inputs into a set of outputs” (Fersund &
Hjalmarsson, 1974, p. 141). More specifically, Neely et al. (2005) argue that efficiency is about how
well a firm can utilize its resources, or a utilization rate (Tangen, 2005). Within the field of efficiency
and productivity analysis, economic efficiency is divided into technical and allocative efficiency

(Parmeter & Sickles, 2020). Technical efficiency refers to the maximum possible outputs from given



inputs or minimizing the inputs for given outputs (Kumbhakar & Lovell, 2000), and allocative
efficiency is the optimal allocation of inputs to maximize outputs. Metrics of the degree of efficiency
are commonly extracted by specific types of analysis, such as stochastic frontier and data envelopment
analysis. Moreover, efficiency is intricately connected with the term “effectiveness.” Effectiveness is
more difficult to quantify (Tangen, 2005), although in the retailer/customer setting, it refers to the
extent to which a customer requirement is met (Neely et al., 2005). Both effectiveness and efficiency
are fundamental parts of performance (Neely et al., 2005). Tangen (2005) refers to performance as a
wide and overlying construct in relation to productivity (and profitability) that partly surrounds the
terms “efficiency” and “effectiveness,” while performance contains the terms and concepts of

29 ¢

“quality,” “delivery,” “speed,” and “flexibility.”

There are a number of commonly used performance measures. Such metrics have been categorized as
follows: financial measures, measures based on activity-based costing, partial and total productivity
measures, time-based productivity measures and non-cost performance measures (Tangen, 2003).
While financial performance measures have existed and been used by firms for decades, Eccles (1991)
highlights the importance of using nonfinancial information, such as quality, market share, customer

satisfaction, and customer retention, as metrics for firm performance.

A subtle yet important dimension of efficiency, productivity and performance is the nature of time, as
accelerated time performance in businesses is assumed to reduce cost and improve profitability
(Kumar & Motwani, 1995). It has further been argued that time cannot be borrowed, traded, sold, or
stored but only consumed, and at a constant rate; it is assumed to be scarce and connected to
opportunity costs and interest and is therefore fundamental in economics (Klein, 2007). Researchers
have further implied that time flows in one direction and is irreversible (Klein, 2007). In addition, time
is important to understanding how phenomena and variables develop over given intervals of time, their
consistency over time, their functional form and the speed or rate of change in them (Stritch, 2017).
Within economics, finance and operations management, time is frequently used in statistical models to
capture time trends and to follow individuals and entities in longitudinal studies. Time is also used as
an entity of a larger construct, e.g., in variables such as key financial figures. Finally, time is measured

per se and serves as an independent efficiency measure (Tangen, 2005).

Other research has focused on distinct avenues for research on time; the first is the mathematical
approach, as to some degree described in the previous paragraph, while a second category is the
human ability to experience and communicate the flow of time (Rickles & Kon, 2014). While the

mutual understanding regarding the nature of time for most practical matters is undisputed, the
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perception of time at the individual level is another matter. As NUfiez & Cooperrider (2013, p. 220)
remark, “Time is not a monolith, but rather a mosaic of construals with distinct properties and
origins”. In addition, other research has identified a linear relationship between the judgement of
temporal intervals and actual time intervals (Allan, 1979) and found that the mean internal time for
most humans in general is reasonably correct but comes with large variances (Grondin, 2010). Some
of this deviation in time judgement is linked with the workload or effort needed to perform a task
(Brown & Boltz, 2002). In addition, time scales are a cognitively challenging task, and we improve
performance when we think about time in terms of events (Resnick et al., 2012). Within departments
and organizations, people have wildly different visions of time (Saunders & Kim, 2007). For instance,
Hornik (1984) finds that customers perceive the waiting time in cashier lines to be longer than the
actual waiting time and that shopping enjoyment is the only independent variable that explains this

discrepancy.

Finally, it should be mentioned that even though most firms and chains have room for improvements
in efficiency (reductions in inefficiency) (Gauri, 2013), when performance is assessed at the
microeconomic level (firm level), a firm may be fully efficient based on its own objectives but not

according to the objectives set in the analysis (Fersund & Hjalmarsson, 1974).

2.1.1. Inventory performance

Inventories continue to play a significant role in present-day manufacturing and retail industries, as US
business logistics costs account for 7.5% of US GDP (Monahan et al., 2017). In addition, the COVID-
19 pandemic has clearly demonstrated the dependence of modern society on reliable supply chains.
The pandemic has created major supply chain disruptions, as supply has halted due to suspended
production (Butt, 2021); a surge in demand for medical, food and essential products caused by health

care needs; and hoarding and panic buying (Singh et al. 2021).

In this context and at the retail store level, inventory is supposed to act as a countermeasure for
demand volatility (Baker, 2007; Chopra & Sodhi, 2004) and to cater to instant customer needs
(Corsten & Gruen, 2003). On the other hand, the costs of holding inventory are linked with the costs
of capital, storage and handling, obsolescence, damage and deterioration, pilferage/shrinkage,
insurance, and management costs (Christopher, 2016). To manage an optimal level of inventory,
inventory control models are used that date back as far as 1913 (Harris, 1990). Many such models
have since been developed that can be divided into main two categories. The first category is (Q, r)
models that estimate the optimal quantity (Q) to reorder at a given reorder point (r). The second type

of model is the periodic review (S, T) model, which aims to set an order that adjusts the stock level to
8



a specific predetermined level (S) at a regular time interval (T). Both groups of models are applied at
the stock-keeping unit (SKU) level and represent the most detailed disaggregated description of the
product. Inventory management research continues to identify prerequisites and factors to include in
inventory control models; see, e.g., Williams & Tokar (2008).

Financial accounting inventory is reported in levels, and to convert inventory levels to a performance
measure, two approaches are commonly used. The first calculates inventory turnover as average
inventory divided by the cost of goods sold. An increasing inventory turnover metric then serves as an
indicator of improved inventory performance and inventory leanness. The second performance
measure is inventory days, calculated as 365 days (or another period length) divided by the inventory
turnover ratio. While the retail industry uses inventory performance measures only for finished goods
inventories, manufacturing firms are also required to assess such metrics for raw material and work-in-

progress inventories.

Even though early inventory control models date back over one hundred years, researchers have
empirically assessed the effects of such models on overall inventory performance at the firm level and
across industries only for the last few decades. Coinciding in time, other research has empirically
examined the relationship between inventory management and financial performance and profitability.
Initially, these studies identified no significant association (Cannon, 2008); however, a pattern of
relationships has recently emerged that is positive but beyond a certain point may cause performance
to deteriorate (Rumyantsev & Netessine, 2007b; Shockley & Turner, 2015; Eroglu & Hofer 2011;
Isaksson & Seifert, 2014). Moreover, for US retail, inventory turnover has been found to predict future
stock returns (Alan et al., 2014).

Several important contributions have recently been made to the literature on key financial
characteristics associated with differences in inventory turnover performance. First, the key financial
ratio of gross margin has been found to be negatively connected with inventory turnover (Gaur et al.,
2005; Rumyantsev & Netessine, 2007a; Kolias et al., 2011). It has further been suggested that this
association is connected to and serves as a proxy for retailers’ differences in product price, product
variety, service level and product life cycle (Gaur et al., 2005). These are important underlying
variables that are too modest and difficult to access across multiple firms and over time. The product
price has theoretically been closely linked to gross margins and has been depicted as representing
policies set by each retailer for markups on individual SKUs or product categories. Theory has also
indicated that increased product variety leads to larger inventories and allows retailers to achieve

improved profit margins. Furthermore, increased product variety has in general been found to reduce
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inventory turnover and has been assumed to be caused by losses from risk pooling (Wan et al., 2020).
In addition, it should be safe to presume that facilitating customers with increased service levels
should be accompanied by higher costs that necessitate higher prices. Capital intensity and sales
growth have also been found to be positively correlated with inventory turnover (Gaur et al., 2005;
Kolias et al., 2011). Capital intensity is arguably caused by differences in the use of and investments
in information technology (Cachon & Fisher, 2000; Shah & Shin, 2007), warehouses and logistics
management systems and other fixed assets (Gaur et al., 2005), while unexpected sales growth is
assumed to cause inventory levels to fall for the examined period, which also affects the inventory
turnover ratio (Gaur et al., 2005). The literature has also suggested that retailers with high versus low
inventory turnover respond differently to demand shocks (Kesavan et al., 2016). Contributing to the
literature on inventory turnover and the association with factors that help explain differences in
inventory performance, Eroglu & Hofer (2011) suggest a lean inventory indicator that controls for a

nonlinear relationship with firm size and industry characteristics.

Economies of scale have been widely accepted in many areas of economic research. However, beyond
theoretical inventory control models and simulations that provide valid arguments for such properties
to also exist in inventory management, less empirical research on this important topic has been
published. A few notable exceptions have suggested economies of scale in inventory management
(Rumyantsev & Netessine, 2007a; Gaur & Kesavan, 2009, Eroglu & Hofer, 2011). Economies of scale
are also portrayed in relation to chain affiliation in terms of purchasing and sales, as retail chains use
more advanced inventory control systems and offer more standardized products at lower prices
(Dinlersoz, 2004). In developed countries and in the retail sector, chain stores are an important part of
the economy (Kosova & Lafontaine, 2012; Perrigot, 2006), as they contribute to productivity gains
(Doms et al., 2004; Foster et al., 2006).

The literature also aims to measure time trends in inventory for retail firms. Firm-level data from both
wholesale and retail firms for the 1981-2000 period indicate that the median number of inventory days
decreased from 73 to 49 and that the inventory levels for the retail segment started to decline in the
mid-1990s (Chen et al., 2007). In contrast to these findings, Gaur et al. (2005) find for the 1987—2000
period that inventory turnover declined by 0.45% annually, which implies an increase in relative
inventory levels. Similar to the above findings, Kolias et al. (2011) find a 3.4% annual decline in

inventory turnover for Greek retail for the 20052008 period.

Lead time is of considerable significance in inventory control models, as increased lead time raises

inventory levels (see, e.g., Das, 1975; Ben-Daya & Raouf, 1994) and thus reduces inventory turnover.
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Rumyantsev & Netessine (2007a) examine, among other lead times in manufacturing and retailing
firms for the 1992-2002 period, using days accounts payable as a proxy for lead time and find that
lead time accounts for approximately 2% of the variance in inventory levels in the pooled sample.
However, the usefulness of days accounts payable as a proxy for lead time is questioned.

2.1.2. Customer efficiency

In the previous section, and based on the current literature, the concept of inventory performance was
described, and its significance for the retailer was justified. For retailing to be successful, inventory
performance also must facilitate efficient customer shopping since customer efficiency is as important
for some customers as efficiency is for the retailer (Heckman, 2017; Sorescu et al., 2011; Larsen et al.,
2020).

It is generally agreed that time and money are the most important resources that the customer brings to
the store (Bogomolova et al., 2016; Sorensen, 2017). Others point to shopping speed and ease (Seiders
et al., 2000) and customers’ intention to conserve time and effort (Berry et al., 2002) or simply
customer transaction costs (Larsen et al., 2020). It has also been suggested that customers in most
cases consider shopping a necessity and not a recreational activity (Seiders et al., 2000). The term
“convenience” has long been debated and undefined by academics (see, e.g., Reimers. 2014; Brown &
McEnally, 1993), beyond the minimization of time and effort (Burke & Morgan, 2017). The literature
has made noble attempts to categorize convenience. In the context of customers’ time and effort, Berry
et al. (2002) conceptualize a model that suggests dividing convenience into five different categories:
decision convenience, access convenience, transaction convenience, benefit convenience, and finally
postbenefit convenience. These classifications reflect the stages of activities in which the customer
participates through his or her purchases. According to Berry et al. (2002), the five different stages
include the following descriptions and activities related to the perceived use of time and effort: 1)
decision convenience concerns the decision on whether to buy the product and from which supplier; 2)
access convenience is the process of acquiring the desired product or service, such as store location,
parking, opening hours; 3) transaction convenience embodies activities such as ease and fast checkout;
4) benefit convenience is the perceived time and effort needed to experience the service; and 5)
postbenefit convenience refers to the need for maintenance, repair, or exchange or simply
experiencing service failure. Recently, attempts have been made to empirically examine different
attributes of convenience. Seiders et al. (2007) find that shopping enjoyment significantly relates to
the service convenience categories suggested by Berry et al. (2002) (decision, access, transaction,

benefit, and postbenefit). In a retail-specific setting, Reimers (2014) studies customer perceptions of
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store convenience and lists 25 different attributes that relate department store convenience to shopper
efficiency (time and effort). His findings further suggest that payment options, checkout, product
clusters, trading hours, and one-stop shopping are the five most important store convenience attributes.
In addition, Reimers (2014) identifies the category that comprises attributes such as clearly labelled
prices, quick and easy checkout and signs that assist the customer to easily locate products as the most

important, explaining as much as 28% of the variance in search and transaction convenience.

Understanding service convenience and its antecedents and consequences is important for businesses
that wish to minimize customers’ time and effort (Berry et al., 2002; Seiders et al., 2007). The
connection between convenience and shopper efficiency is pronounced, and a convenience attribute
can be converted into an input/output ratio by use of the key input of concern with time as the
denominator (Holbrook, 1999). The empirical literature on in-store behaviour and key shopper metrics
is growing, and several notable contributions have been made. Sorensen et al. (2017) find in a large
study across several continents and multiple retail formats that most shopping trips in supermarkets
have a mean length of approximately 25 (median of 17) minutes and include a mean of 15 (median of
4) purchased items. Sorensen (2017) further argues that there is a need to balance the need for efficient
customer shopping based on easy access to the most wanted and best-selling products and fast
checkout with arranging and organizing the store to attract shoppers who want to explore a wider
assortment. Other research has focused on actual individual in-store behaviour and tracked customer
walking paths by the use of radio frequency identification (RFID) tracking tags attached to the cart
that enable software to locate the shopper/cart within the store. In this research, Hui et al. (2009)
assess the deviations from the optimal walking path and demonstrate that consumers take longer-than-
optimal routes in the store (based on what they buy and where products are located). They find that a
large number of shoppers deviate from their optimal path due to travel deviations, while the order
deviation (between product categories) is small. Bogomolova et al. (2016) study in-store behaviour in
supermarkets and examine several aspects of time from a shopper efficiency perspective. They collect
data by customer interviews prior to entering the store and after finishing the shopping trip and record
the shopping time and number of purchased items. They find that older shoppers are less efficient
(minutes per number of purchased items) than younger shoppers and that on a per-item basis, females
are more efficient than their male counterparts. In addition, their data show no significant differences
in shopper efficiency during peak versus off-peak hours. Researchers have also studied differences in
shopper efficiency for quick trips versus regular trips (Larsen et al., 2020). The findings indicate that
shoppers on quick trips on average purchase approximately 2.4 items, while shoppers on regular trips
on average buy nearly 10 items. The paper further finds that several shopper efficiency metrics are

influenced only by the distinction between types of shopping trip (quick or regular), and some metrics
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by age. Larsen et al. (2020) argue that the design principles of stores are the hurdle to clear, as quick
shopping trips are less efficient than regular trips.

In many cases, at least in practice, there is conflict between the retailer and the consumer regarding the
quest for efficiency in retail. Such conflicting interests may be caused by retailers with merchandise
located unfavourably in terms of the preferred travel path and queues at checkout counters,
particularly during peak hours, as well as the location of frequently bought products at the back of a
store to improve sales and save on staffing and other costs (Seiders et al., 2000). It is important for
retailers to improve their understanding of the relationships between forms of convenience to enhance
customer efficiency, particularly shopping speed, which saves customer time and energy (Seiders et
al., 2000). In addition, Seiders et al. (2000) argue that convenience is not a static measure but develops
as the industry improves convenience and that retailers constantly seek to increase their targets to offer
competitive shopper efficiency. In addition, providing convenience to customers has been found to
serve as an effective tool to reduce exit intention (Sabine et al., 2009). Despite recent findings on
convenience and in-store behaviour, the empirical literature on customer time and effort, such as in-
store travel distance, is limited, including knowledge of how attributes of convenience (in-store

carrying equipment) affect shopper efficiency.
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3. Research design

This section describes how each of the papers is connected to the overall RQ, the data collection

process, and the strengths and weaknesses of the different types of data. Finally, it ends with a

paragraph on ethical considerations.

To answer the overall RQ and the three Qs, as stated in the introduction, the scope of the three

individual papers is described in Table 2. The table also specifies how each of the three papers is

linked to each of the Qs and RQ and provides a brief description of the types of data used in the

individual papers.

Table 2: Overview of papers and their role in answering the overall RQ.

external factors (regional store
location, municipal population,
rurality) and inventory turnover

performance and efficiency.

environmental
factors connected
with inventory
performance and

efficiency?

Appended | Scope Relation to RQ Type of data

papers

Paper | Examines the relationship between |How is retail chain | Financial accounting
retail chain affiliation, firm size, and |affiliation connected |panel data containing
time trends in inventory turnover with inventory retail chain affiliation.
performance. turnover

performance?
Paper Il Examines the relationship between |How are business Financial accounting

and demographic panel
data.
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Appended | Scope Relation to RQ Type of data
papers

Paper I11 Examines the relationship between | What role does Two independent
customer characteristics (age and shopping equipment |studies:
gender), shopping time, the use of | play in shopper

in-store carrying equipment and efficiency? Study - Large field

shopper efficiency (in-store observational study on

. . the choice of in-store
behaviour metrics).
carrying equipment

across retail formats.

Study II: Large field
study of entire shopping
trips utilizing
observations in
combination with a

path-tracking software.

Each paper individually contributes to and portrays different research topics within business research.
This thesis condenses the main themes in the papers and exclusively emphasizes the construct of

efficiency, with particular attention to the retail industry.

The three papers rely on different sources of data that are collected in multiple ways. In principle, the
papers utilize two types of data: first, financial accounting and spatial and population data derived
from public sources and second, observational and path-tracking data. In addition, the papers utilize
various methodological approaches, each individually selected to be suitable for the phenomena

examined and data needed to answer the RQ.

The inventory performance data comprise a panel representing 16 years of financial accounting and
market environment data. The data were from 186 building materials and hardware stores within three
retail chains. The data collected for use in paper | were from public sources (forvalt.no) and
encompassed yearly financial accounting data at the firm level. These data also included the number
of employees and/or full-time equivalents. In addition, for each firm, the chain affiliation was

collected from public information available online, and these records were later confirmed by each
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retail chain administration. Additionally, the postal code and NACE/Standard Industrial Classification
were collected from the online services provided by the Brgnngysund register centre as of the end of
2013. Therefore, the variables chain affiliation, postal code, and NACE code are nonvarying. Paper |1
used the same data as paper I, with the difference that it also entailed information on store location (by
postal code) in one of six different national regions. In addition, the study connected each store (by
postal code) with a municipality. Each municipality was classified to a specific degree of geographic
centrality as defined by Statistics Norway (1999). In addition, the paper used the yearly municipal
population (Statistics Norway, 2018). The paper assumed that these variables in sum served as a proxy
for the effects that stem from the business environment. These two papers were analysed using two

methods: Prais-Winsten panel regressions for paper I and stochastic frontier analysis for paper II.

Cross-sectional panels or longitudinal data constitute observations on units (e.g., firms, stores) that are
recorded for several periods of time. Longitudinal data have three main advantages compared to cross-
sectional data (recorded for only one period): first, they provide a more accurate inference of the
parameters of the estimated model; second, they have a better ability to capture complex behaviour;
and third, they can simplify estimation and statistical interpretation (Hsiao, 2007). In summary,
longitudinal data have the advantage of capturing behaviour in detail, assessing time trends and

serving as a basis for better predicting and forecasting estimates.

While panel data have several advantages, as described above, they are also associated with issues that
should be taken into consideration in the modelling process. In empirical economic panel data,
missing observations are more predominant than in cross-sectional data due to entities or firms
entering or leaving the market at different points in time and being unable to respond (Baltagi & Song,
2006). The datasets used in papers | and 11 contain missing observations. The papers used different
techniques to counter such randomly missing data. In paper I, gaps in the data (within firm
nonconsecutive runs) were identified, and the run containing the fewest observations was deleted, as
the applied model was unable to efficiently manage such gaps. In paper I, the model supported such
gaps, and no further action was taken. It is also worth mentioning that the datasets were unbalanced,
meaning that the starting year of observations (by firm) varied. As all firms included in the study were
affiliated as of the end of 2013, the analysis did not capture firms leaving the market in the study
period due to shutting down, bankruptcy or taking part in a merger. This implies that these data are
prone to survivorship bias, as is common for such data. Ideally, such firms should have been included;
however, it is difficult, if not impossible, to obtain such data. In addition, as mentioned in the previous
section, chain affiliation, firm location (postal code), and NACE code are time-invariant variables that

were collected only at the end of the study period. This implies that changes in these variables, such as
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firm relocation to another municipality, were not taken into consideration. It should also be noted that
a few of the firms represented in the data operated more than one store. This implies that some
subentities (stores) could potentially have been located in other municipalities or could have
previously had another chain affiliation.

The observational data used in paper 111 were collected in two separate studies and grouped into two
datasets. Study | observed customer behaviour across 15 stores within different store formats and
gathered information on customer age, gender, and the choice of in-store carrying equipment (no
equipment, basket, or cart) from the time the customers entered the store until they made the choice of
what type of carrying equipment to use. Study Il, a large-scale observational study, observed 635
complete shopping trips in a discount grocery convenience store by using in-store cameras that
covered the entire store combined with state-of-the-art path-tracking software that provided detailed
information on shopper metrics, such as walking speed, walking distance, store area covered, and
number of items purchased. Multivariate linear regression was used to extract estimates of the

relationship among the efficiency variables representing customer in-store behaviour.

Cross-sectional data are observations across units for a particular period and are the most frequently
used type of data. The main advantages of such data are generally that collecting them is quick, easy,
and cheap. The data generation process in study I (paper 1) reflected these advantages. However, in
study 11, several hurdles had to be overcome prior to data collection®. The customer behaviour data in
paper 111 are quite unique because the study was one of the first to truly observe an entire shopping trip
and measure important in-store behaviour metrics such as in-store speed, travelling distance, number
of items purchased, gender, age and choice of in-store carrying equipment. This approach was in
contrast to studies that used methods such as RFID or Bluetooth (see, e.g., Hui et al., 2013; Phua et al.,
2015) and that targeted only certain groups, thus excluding entire segments of customers and their
shopping behaviour. The use of video/software technology in paper Il countered this potential bias, as

most segments were included. The technology also benefited from the advantage of being discreet

! Regarding study II in paper III, the thesis authors’ contribution to the data collection process started at the same time as the
observations began; hence knowledge of the initial application and funding process, agreements related to which store to

collect data from, sourcing of cameras and software was limited.
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relative to other methods of observation. Compared to RFID studies, where the chip is located within
the cart, the methods used in paper Il tracked the actual behaviour of each individual shopper and did
not use the shopping cart as the point of interest. However, the technology used in paper 11 still had
some limitations identified with families and groups entering the store and the problem of categorizing
the main individual to track during the shopping trip, his or her age and gender in relation to other
individuals in the same family/party, and his or her behaviour and involvement in picking items and
placing them in the basket or cart. Observing and tracking multiple individuals simultaneously is
generally challenging and necessitates appropriate resources for such observations and/or software
adapted for such use. Nevertheless, these issues are also present in RFID/Bluetooth studies. As no
common approach to recording such instances was identified during the data collection period, such
observations were disregarded in the analysis, and the study was therefore limited to individual
shoppers. Moreover, convenience stores frequently offer their customers a choice of two different
types of basket: a small basket that is usually carried in one hand and a larger basket with four wheels
that can be pulled behind or pushed in front of the customer or may sometimes be carried by hand.
The store subject to the observations in study Il of paper Il offered both types of basket. In the data
presented in paper I1, these types of baskets were merged for practical reasons. It is likely that
significant differences in the volume, design and practicality of these baskets could affect shopper key
metrics and thus the estimates. This was not tested in the analysis, and a future study could provide
further insights into the differences between types of baskets.

Researchers are increasingly required to reflect on and exercise ethical considerations in their
research. In Norway, the National Committee for Research Ethics in the Social Sciences and the
Humanities issues guidelines on research ethics in the social sciences, humanities, law and theology.
The guidelines are essential for promoting good scientific practices and are based on recognized
norms for research ethics, regulating research in different areas and in different relationships. In the
following section, a discussion of ethical considerations is based on NESH recommendations (NESH
2021).

The research for the papers and the development of the dissertation were performed in the expectation
that they would be relevant to the research community and larger society; thus, the results of this
project were made available to the public. To promote the research, all three papers were published in
peer-reviewed academic journals with open access outlets. In an early stage, paper Il was also
presented at an academic conference to reach a broader academic audience. In addition, a public

presentation on the broad term “efficiency” was held during the project.
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Regarding the use of empirical data, several ethical assessments had to be made, in particular
concerning social sciences and the humanities, as such data are an integral part of the research process.
This applies in particular to paper 111, as observations of actual customers’ in-store behaviour
presented specific challenges, such as obtaining and evaluating the variables that were observed and
later processed empirically. In addition, papers | and Il both contained substantial samples of retail
firms’ financial data as well as, more importantly, a lengthy sample that posed different challenges
regarding the use of methods and the process of omitting data from the sample. In this process, | have,
to the best of my abilities, tried to be honest, provide detailed documentation, and be transparent about

uncertainties in the data collection process, the use of methods and the inferences drawn from the data.
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4. Presentation of papers

All three papers emphasize efficiency. The first two papers address efficiency within the operation of
brick-and-mortar retailers and specifically examine inventory turnover. Inventory turnover is the
leading key metric of inventory performance visible to competitors, investors, and analysts and is
easily accessible in public financial statements. In addition, this metric is commonly regarded as a key
within-business performance indicator and is closely monitored by management at the retail chain and
store levels. The final paper explores customer efficiency related to customer in-store behaviour. More
specifically, it examines differences in behavioural metrics such as walking speed, shopping duration
and number of purchased products dependent on customer choice of in-store carrying equipment.

4.1. Paper |

Breivik, J. (2019). Retail chain affiliation and time trend effects on inventory turnover in Norwegian
SMEs. Cogent Business and Management, 6(1), 1-17.

Extending the current literature, this paper aims to gain more knowledge of firm characteristics as
drivers of inventory turnover in retail businesses. More specifically, the paper addresses the effects of
retail chain affiliation and the associated time trends and examines the effects of economies of scale.
The analysis is based on an unbalanced panel dataset containing 16 years of financial accounting data
from three specific Norwegian hardware and lumber retail chains. A Prais-Winston estimator (a
special case of the feasible generalized least squares) is employed, enabling the paper to control for a
panel-specific first-order autocorrelation. The main novelty and findings of this study indicate that
inventory turnover varies significantly among retail chains and over time. Moreover, inventory
turnover generally deteriorates at 5.2% annually when firm financial characteristics are controlled for
and 2.3% annually without such controls. In addition, the study suggests that it is important to control
for the specific industry code when inventory turnover is used as a benchmark across neighbouring

sectors and even within a limited number of retail chains.

4.2. Paper I

Breivik, Jgrgen; Larsen, Nils Magne; Thyholdt, Sverre Braathen; Myrland, @ystein. (2021) Measuring
inventory turnover efficiency using stochastic frontier analysis: building materials and hardware retail
chains in Norway. International Journal of Systems Science: Operations & Logistics, DOI:
10.1080/23302674.2021.1964635
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Extending paper I, this paper aims to increase the understanding of business environmental
characteristics as drivers of inventory turnover in retail businesses. In detail, the paper focuses on the
effects of the exogenous business environment, more specifically in terms of market size and
dynamics, rurality and spatial dependence. The analysis is based on the same unbalanced panel data as
those described in paper 1. However, information on municipal rurality, municipal population and
store location divided among six geographic regions is appended. This paper relies on stochastic
frontier analysis that utilizes information modelled by a response (production) function that represents
the frontier of the best-performing firms and simultaneously estimates the score of (in)efficiency with
the Battese & Coelli (1995) specification. The main findings of this study are that the market
conditions in the area surrounding the store impact inventory turnover efficiency and that an increased
municipal population increases inventory efficiency. The findings also indicate that inventory turnover
varies depending on location in the six geographic regions and suggest that this variation is associated

with increased lead time.

4.3. Paper Il

Larsen, N. M., Sigurdsson, V., Breivik, J., & Orquin, J. L. (2020). The heterogeneity of shoppers’
supermarket behaviors based on the use of carrying equipment. Journal of Business Research, 108
(February 2019), 390-400. https://doi.org/10.1016/j.jbusres.2019.12.024

The aim of this paper is to acquire extended knowledge of the determinants of shopper efficiency. In
greater detail, the paper examines the effect of customer characteristics and the use of in-store carrying
equipment on customers’ in-store behaviour. More specifically, the paper measures in-store behaviour
metrics such as walking distance, walking speed, number of purchased items and choice of in-store
carrying equipment (no equipment, basket or cart). The data used in this paper are based on two
observational studies. The first observed 3520 shopping trips in a broad range of food retailing
formats, recording customers’ use of in-store carrying equipment and their age and gender. The
second combined observations and tracking software to capture details of the entire shopping trips of
635 customers, including their path, age, gender, average pace, and number of purchased items. It
recorded key behavioural metrics as well as the use of in-store carrying equipment. This cross-section
of observational data is analysed by multivariate linear regression. The main findings in this paper
emphasize heterogeneity in shopper in-store behaviour and the association of the use of in-store
carrying equipment with significant differences in shopper efficiency. Most importantly, the paper
demonstrates that shoppers without equipment have the least efficient shopping trips, although this

segment of customers represents the majority of shoppers.
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5. Discussion, contributions, and implications

5.1. Discussion

The objective of the thesis is to develop new knowledge by examining the extent to which retailers
manage to facilitate logistical and customer efficiency and influencing factors. To answer the overall
RQ, the thesis builds on the data and empirical analysis described in papers I-11l. To achieve the
objective and to cover the different perspectives, the papers (relative to paper 1) use supplementary or
altogether new data. Furthermore, each paper uses different methods to analyse the key variables of

interest.

This section integrates and synthesizes the findings of papers I-1l1 in relation to a broader perspective
rooted in the complex issues of customer convenience and retailer efficiency. These interconnected

themes are discussed in the general perspective of duality as described by Giddens (1984).

Inspired by Giddens and as addressed in the duality of social structure (Giddens, 1984), | find it useful
to conceive of the customer and the retailer as both mutually enabling and constraining in the context
of efficiency. The RQ and the empirical findings in paper I-111 will therefore be discussed in the
context of the duality of efficiency in the retail setting and the interdependence between the retailer

and the customer.

The mutual interdependence between the retailer and the customer is an interesting and important
topic for retail managers and analysts to consider and understand. From a general and broader
viewpoint, the aim of both the retailer and the consumer is to maintain and increase efficiency. One of
the most salient dualities in the customer/retailer efficiency perspective is their simultaneous roles as
enabler and constrainer, as both can facilitate and promote change while also restraining development
and improvements. Obviously, the retailer is equipped with the most tools to address price and
customer convenience, as it controls the entire sphere of the store and is likely to optimize the retail
outlet according to its beliefs and knowledge regarding the sweet spot in terms of increasing the
store’s efficiency while simultaneously catering to customer needs. The customer, on the other hand,
given the price and convenience provided by the retailer, is in a more advantageous position, as he or
she can fully or partly accept this transaction cost; alternatively, the customer can switch to a
competitor (given competition) that can better fulfil his or her wants and needs (Sabine et al., 2009).
These wants and needs can be viewed as a trade-off between sacrifices and benefits (Payne & Holt,
2001) or between input and output (Ingene, 1984) and have been described as consumer efficiency
(Atkins & Kim, 2012; Larsen et al., 2020).
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Furthermore, it is reasonable to assume that a mutual understanding concerning efficiency exists, at
least to some degree, between the retailer and the customer. The retailer and the customer can be
regarded as independent entities that are nonetheless simultaneously dependent upon each other. One
of the evident dualities in the retailer/customer relationship is the intersection between convenience
and price, as returns (per minute) from a search are associated with a $2.10 price reward (Seiler &
Pinna, 2017). This duality is evident (paper I11), as shoppers without equipment face less efficiency
(measured in terms of basket size divided by travel distance) and hence higher transaction costs than
shoppers using any type of in-store carrying equipment. There is often a trade-off between price and
convenience in the sense that some inconvenience is involved in achieving a better price (e.g., more
searching, longer in-store paths). Alternatively, the customer may visit a more convenient retail format
(e.g., a gas station or corner store), but the convenience then comes at the cost of higher prices and a
narrower assortment. Another dilemma is the complexity of facilitating efficiency for all customer
segments since increased efficiency for one segment may result in a reduction in convenience for other

important groups of shoppers.

Shopper in-store behaviour metrics such as shopping duration, travel distance and thus shopper
efficiency (basket size/travel distance), as examined in paper 11, could be divided into the behaviours
of navigation (travelling) and searching (at the shelf) (Larsen & Sigurdsson, 2019). In general,
consumers in retail stores are trying to maximize the ratio of search gains (value — prices, products that
satisfy needs) relative to search costs (time) (Seiler & Pinna, 2017; Sabine et al., 2009). This implies
that customers are trying to maximize their search efficiency by the optimal use of their scarce time.
When a consumer enters a store, he or she searches for a limited number of products (Inman et al.,
2009), and he or she stops searching and starts to shop when the gain from shopping is outweighed by
the search costs (Hauser, 2014) because it is not worth spending more time on further searching. This
implies that the time spent on searching ultimately affects shopper efficiency, and the literature
suggests several tenets of best practices to decrease search time, such as adding additional shelf
facings, signalling the most popular (most frequently sold) products and keeping shelfs tidy (Burke &
Leykin, 2014; Chandon et al., 2009). Navigation, on the other hand, which comprises a major part of
the time used for customers’ in-store travel (as depicted in paper I11), is closely linked with the
customer walking from the entrance to the desired category, moving between categories, and
continuing to the checkout area. In-store navigation (in metres) comprises not only the actual metres
walked but also knowledge of (or search for) where to find the desired category. As store size, store
design and category location and labelling highly impact travel distance and thus shopper efficiency,

this also constitutes a duality between customer convenience and retailer efficiency.
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The use of carrying equipment, as emphasized in paper I, is itself a duality, as it contributes to the
increased heterogeneity of shopper efficiency. This variance in customer efficiency (basket size/travel
distance and speed) is by and large supported and amplified by the specific types of carrying
equipment facilitated by the retailer. Introduced in the 1930s, shopping carts have been regarded as
retailers’ “greatest salesman” due to their capacity to assist consumers in carrying their chosen items
to the cashier desk (Grandclément, 2009; Cochoy, 2009). However, this choice has consequences for
how the consumer can act thereafter; for instance, selecting a cart automatically decelerates customers
and thus hinders those who wish to complete their shopping as quickly as possible (paper I11).
Although retailers prefer that customers choose carts due to the likelihood of increased sales volume,
many consumers are on shopping trips for which a cart is not needed and would instead prefer to use a
basket or no equipment. The choice of specific types of in-store carrying equipment is, however,
mostly customer-driven (when the wanted options are available), and this choice is related to age and
gender (paper 111) and possibly to individual preferences and shopping goals. This poses a dilemma for
the retailer. When alternatives to the cart are offered, many customers may choose to shop without a
carrying device. When the retailer offers alternatives, such as a basket, some shoppers without
equipment may select a carrying device (which can lead to increased sales), but some who might
otherwise use a cart may switch to a basket with lower capacity (and sales potential). Furthermore, it
may prove difficult to provide the desired efficiency across all customer segments. Therefore, some
kind of prioritization seems to be necessary. As paper Il demonstrates, shoppers without equipment
represent a large and important segment in all store formats (42-66%), and, according to A.C. Nielsen
store formats facilitating quick trips are growing in volume (Convenience store news, 2018). This
suggests that retailers should redesign stores to better accommodate improved efficiency for this major
customer segment (Larsen et al. 2020). This can be considered a major shift in retail orientation, as

most stores have traditionally been designed to facilitate stocking-up trips.

The previous paragraphs focus on customer convenience and efficiency (as the focus in paper Il is on
the customer) and portray some dualities in retailer efficiency. The next sections discuss possible
dualities in the intersection between inventory management and customer convenience (as the focus in

papers | and Il is on the retailer).

From the retailer perspective, the quest to enhance efficiency (in a broad range of areas) is significant,
as it is linked with profitability (Gauri, 2013; Foster et al., 2008; Shah & Shin, 2007; Hernant et al.,
2007). This includes the more specific areas of inventory management and inventory performance
(Shockley & Turner, 2015; Rumyantsev & Netessine, 2007b).
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Prior to the discussion of the duality of logistical efficiency, a clarification of some of the dynamics of
the inventory turnover metric is necessary. First, papers I-I1 use inventory turnover metrics at an
aggregate level. However, it is also common to use the inventory turnover measure at the SKU level.
It is important to be aware that the aggregated level of inventory turnover entails a price-weighted
average of all units in storage, while the SKU-based metric provides a specific performance measure
for a certain item. This suggests that the aggregate inventory turnover metric is prone to hide the
complexities in holding inventory. For instance, compared to a high-cost SKU, a low-cost SKU will
affect the aggregate inventory turnover metric to a lesser extent, ceteris paribus. The aggregate metric
(more than the single unit measure) also hides variability in SKU-level inventory turnover and may
include a considerable number of SKUs with problems. Such problems may stem from items being out
of stock or slow moving and may cause deteriorating service levels that are currently not visible in the
aggregate inventory turnover ratio. Second, the inventory turnover ratio for most businesses is
calculated on a yearly basis in relation to financial statements to avoid issues related to seasonality.
However, in day-to-day business operations, this causes the metric to be stale or to some degree
obsolete, as it describes the course of action too far back in time to be a good indicator of present
performance. This could be countered by a more frequent calculation (e.g., monthly) of the metric
based on the last running 12-month period, with more attention paid to the change ratio of inventory
turnover. Third, the inventory turnover ratio is not a measure that fits all types of inventories and may
lack relevance for some types of merchandise, such as luxury products, e.g., Rolex watches, due to the
trifling cost effects of inventory relative to profit and demand. Fourth and last, the inventory turnover
metric does not signal the problem of loss of opportunity; that is, it measures actual sales and does not
provide information on the loss of opportunity in the case of the product not being available on the
shelf when there is a demand for it (Burke & Morgan, 2017).

All parts of the inventory management process, including the purchase of products, order
confirmation, receipt and inspection of products, storage, refilling of shelves, and inventory control
with its many independent tasks, have the potential to impact retailers (papers | and I1) and their
customers in diverse ways. First, shelf availability is one of the main links that directly connect
inventory management and customer convenience. The consumer ideally always wants to find the
desired items available on the shelf, particularly in full spacing, as this reduces search time (Burke &
Leykin, 2014; Chandon et al., 2009). The retailer, on the other hand, is faced with the intricate
problem of adjusting inventory levels to align with its product availability strategy. Too little
inventory results in stock-outs and the problem of lost sales opportunities, as customers may substitute
other items, delay purchase, or leave the store (Zinn & Liu, 2001), while overstocking leads to

increased costs. The out-of-stock problem is quite common in retail, ranging from 5% for the best
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retailers to as high as 12% for the most troubled ones, and constitutes on average approximately a 4%
sales loss (Corsten & Gruen, 2003). While not as easy in practice as in theory, the remedy for this
delicate yet important retailer problem is to maximize service levels while simultaneously minimizing
inventory (Salam et al., 2016). While the out-of-stock situation only affects the inventory turnover
ratio to a limited extent, except when customers choose a substitute product, overstocking fully
impacts this efficiency metric. This not only necessitates caution regarding how to interpret the
inventory turnover ratio but also provides a reason to better understand the duality that exists in this
context of efficiency.

Another area of particular interest for both the customer and the retailer is product variety (assortment
size). In many cases, product assortment strategies are part of defining the retailer’s image. Product
assortment and assortment size are important for the consumer, as it has been suggested that they are
related to perceived convenience and search time (Sabine et al., 2009). The retailer must carry a
minimum assortment size to attract customers, while having too many SKUs may cause customer
choice paralysis (Chernev & Hamilton, 2009). While product variety increases sales (Wan et al.,
2020), the literature has found that it also increases inventory levels (Rajagopalan, 2013; Wan et al.,
2020) and hence increases costs. Adding to this dilemma of assortment sizing, it has been suggested
that demand variability is linked with declining sales and increasing inventory (Wan et al., 2020). This
expresses yet another interdependence in the customer-retailer relationship. Furthermore, increased
assortment size often results in larger stores being measured in square metres of selling, which
increases navigation time/distance and thus negatively affects the efficiency of customers buying

relatively few items.

Several retailer characteristics (papers | and I1) are associated with increasing inventory performance
(capital intensity, growth in sales, sales), reduction in inventory turnover (gross margin), and industry
code to move bilaterally. Firm size and economies of scale have long been key topics of economics
research. The findings in papers I and Il support previous studies regarding scale effects in inventory
turnover in relation to both sales and number of employees (Gaur & Kesavan, 2009) and may be
connected with reduction in safety stock and centralization of inventory (Eppen, 1979). For the
customer, economies of scale seem to be important as retail chains grow faster than and capture
markets from single-unit retailers (Jarmin et al., 2009). Paper Il further demonstrates the existence of
differences in efficiency within different chains and finds that economies of scale are also present for
inventory turnover (paper Il — Figure 5). This implies that the customer and the retailer, particularly
larger retailers, are increasingly interlinked in the seller/buyer relationship, as these retailers are more

likely to deliver convenience and price.
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Regional conditions may also have an impact on both customer and retailer. As paper Il demonstrates,
there are regional differences in inventory turnover, and regions located farther from the main
logistical hub in southeastern Norway suffer from decreased inventory turnover. Paper 11 suggests that
this reduced inventory turnover is linked with increased lead time (Ballou, 2005; Rumyantsev &
Netessine, 2007a) and hence the need to keep more safety stock, resulting in lower inventory turnover.
Moreover, environmental factors have been found to impact retail efficiency (Gauri, 2013), and paper
Il identifies population size and municipal rurality as influences on retailer behaviour and inventory
efficiency. More specifically, paper Il recognizes that inventory efficiency varies with the degree of
municipal rurality and that the most and least rural locations are the most efficient. Once again, this
could be associated with metropolitan areas in general having larger stores (but a smaller number of
firms per capita), while rural areas have smaller stores (and a larger number of firms) (Jarmin et al.,
2009) owing to economies of scale. In addition, small retailers suffer a lower continuance rate than
large retailers (Jarmin et al., 2009), and this demand improves efficiency in maintaining operations.
Another exogenous factor suggested to explain inventory efficiency (paper I1) is municipal population.
Figure 3 (paper II) clearly demonstrates the significant impact of an increase in population on
enhanced inventory efficiency. Based on the close connection with economies of scale and rurality as
well as population size, it should be safe to assume that such stores, to counter deteriorating inventory
performance, keep a smaller product assortment and, as discussed above, impact customer

convenience accordingly.

There are also visible differences in industry practices related to how specific functions are organized
in the interface between marketing and operations. The role of procurement/purchasing, in particular,
may cause dilemmas related to issues of product variety versus inventory turnover because increased
product variety generally reduces inventory turnover (Wan et al., 2020). This provides incentives for
retail businesses to clarify the mandate of the unit responsible for procurement/purchasing and the
need to develop an integrated strategy between marketing and supply chain management on these

relevant topics (Golgeci & Gligor, 2017).

The essence of the above discussion is that strategies and tactics associated with retailer efficiency and
consumer convenience should not be siloed and concentrated towards the goal of either logistical
efficiency or consumer efficiency. Instead, retailer and consumer efficiency should go together as a
balanced duality, especially in situations where consumers make a trade-off between price/assortment
and time/effort (convenience). Both price/assortment and time/effort can be significantly affected by

retailers’ quest for efficiency. Retailers should therefore be cautious of increasing their efficiency at
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the expense of consumer efficiency for segments with high willingness to opt out of low cost and
better selection in favour of a more efficient shopping trip.

5.2. Contributions

It is important for retailers to identify the sweet spot in retailing, that is, to acknowledge and manage

the interconnected interests of the customer and the retailer regarding efficiency.

In summary, the three individual papers (I-111) included as part of this dissertation contribute to the
body of knowledge in several ways and across scientific disciplines. The main contributions of the
papers are as follows. While paper | unveils the important role of retail chains in facilitating store-
level inventory turnover performance and development over time, paper 1l empirically demonstrates
that regional location and the store operational environment, in relation to rurality and municipal
population, affect inventory turnover performance, and paper Il introduces and empirically examines
three new customer in-store behavioural metrics (travel distance, walking speed, and shopper
efficiency) and demonstrates how in-store efficiency for shoppers without equipment deviates
substantially from that of customers using physical carrying equipment.

Research on inventory management has grown substantially in volume for decades, with several
important contributions (see, e.g., Williams & Tokar, 2008). There has also been a growing body of
empirical research in recent decades on how company-specific factors affect companies' inventories,
but mainly in manufacturing. In the retail sector, empirical research on inventory performance and its
development over time has been conducted at both the firm and industry levels (Gaur et al., 2005;
Chen et al., 2007), with the main interest in examining the effects of inventory on financial
performance (Eroglu & Hofer, 2011; Isaksson & Seifert, 2014; Shockley & Turner, 2015). In this
literature, it has been found to be important to control for industry-level characteristics (Eroglu &
Hofer, 2011). Although retail chains are important institutions in developed economies (Perrigot,
2006; Kosova & Lafontaine, 2012), the literature on how retail chain affiliation affects inventory
levels and inventory turnover is scarce. Paper | addresses this gap in the literature, as it empirically
examines inventory turnover at the store level and identifies significant differences between stores
affiliated with different chains and over time. In contrast to other research on retail inventory time
trends (Chen et al., 2007), paper | supports prior research in finding deteriorating inventory turnover,
both unadjusted and adjusted for capital intensity, gross margin, sales, and sales growth, over the
1999-2013 period (Gaur et al., 2005; Kolias et al., 2011).
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Similarly, the literature in the field of inventory and operations management concerning
environmental factors and their impact on inventory levels and turnover is limited. Paper Il contributes
to the literature by bridging this empirical gap, as it finds that both population and degree of rurality
are connected with inventory efficiency. Moreover, this paper suggests a close relationship between
regional store location and inventory turnover, as differences in geographic location likely impact the
average lead time and thus the need to carry more safety stock, resulting in decreasing inventory
turnover. While other papers have used the same methods to examine the mediating role of inventory
leanness in firm operational efficiency (Chuang et al. 2019), to my knowledge, paper I1 is the first to
employ stochastic frontier analysis in determining store-level differences in inventory turnover

efficiency, with inventory turnover being the dependent variable.

Regarding customer in-store behaviour, paper 111 enhances the empirically based theory of in-store
shopper behaviour in the brick-and-mortar retail environment, as it introduces new behavioural
metrics to the literature and examines these metrics through a large observational study involving
tracking software. While recent studies focusing on shopper efficiency have used the metrics of store
coverage, basket size, shopping trip length (Sorensen et al., 2017), and per-item use of time
(Bogomolova et al., 2016), paper 111 demonstrates the usefulness of measuring customer effort as
travel distance per items purchased. The study further argues the importance of controlling for the use
of shopping equipment, as it significantly affects shopper efficiency. A prior study (Bogomolova et
al., 2016) claims that women are more efficient shoppers than men (basket size/shopping duration),
and even though paper 111 does not exclusively examine the same metric, it examines efficiency
(basket size/travel distance) and finds no statistically significant gender specific differences except
that male customers on average walk faster than females. This implies that the estimates of
Bogomolova et al. (2016) could have been affected by not controlling for the role that carrying

equipment plays in customers’ in-store efficiency.

The thesis emphasizes the importance of efficiency for both the retailer and the customer and suggests
that neither of them exists in isolation. It provides examples of important interconnections that exist in
relation to inventory and shopper efficiency. Additionally, it points to some of the dilemmas that
retailers face in providing customers with a competitive level of shopper efficiency and illustrates the

duality that exists in creating efficiency in the customer-retailer affinity.

Overall, this thesis focuses on efficiency from different perspectives, contributes to the literature and
identifies areas for improvements in efficiency. This is important because from a broader perspective,

removing inefficiencies (increasing efficiency) by better utilization of scarce and costly resources
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should contribute to productivity growth in society and enable improvements in welfare and living
standards (Parmeter & Sickles, 2020).

5.3. Implications for practice

The findings in papers I-111 have several implications for retail practice and the analysis of customer
and retailer efficiency. First, papers I-IT unveil new factors that assist in explaining firms’ inventory
performance, such as the heterogeneous role of retail chains, regional location, and environmental
factors, and highlights some of the key variables that help improve logistical and inventory
management. In addition, retailers’ search for ways to improve their own financial performance by
seeking to advance inventory efficiency need to be balanced with the needs of customers who have
increased the value that they ascribe to shopping efficiency. These findings also imply the need to
assess whether established service levels and logistical and inventory policies are designed to cope
with heterogeneity in expected customer convenience, different regional locations and variations in
market conditions. In addition, the findings should be considered when new stores are planned, when
stores are designed or redesigned, and when the service level is determined in benchmarking activities

and store performance assessments.

At present, most retailers are only partially capable of identifying and making the necessary
operational changes to minimize the conflicting interests related to the main two shareholders of
efficiency in the retail store setting: the retailer and its customers. The perspective of duality may
provide a tool to better understand the interconnections of managing and improving the key drivers of
convenience and retailer efficiency. One such driver of convenience is reported in paper Il the use of
in-store carrying equipment and the duality of efficiency interests related to the retailer facilitating
efficiency for shopper in general and the shopper type that most likely seeks efficiency the most — the

shopper without equipment.

With respect to customer convenience, retailers should also be aware of customers’ growing attention
to sustainability. This manifests at the product level, where consumers increasingly claim to be aware
of and demand healthier and more environmentally sustainable products (Nielsen, 2018). To preserve
convenience, retailers need to battle the increase in product variety when meeting these demands and

avoid the issue of unnecessary clutter in the retail space (Sabine et al., 2009).

It should also be noted that the duality of efficiency from the customer/retailer perspective may be
visible in the way retail organizations are organized, that is, the degree of interconnectedness between

the marketing department and logistics department. An improved mutual strategy between these
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departments could counter the negative effects on inventory turnover that stem from increased product
assortment, as previous studies have suggested (Wan et al., 2020; Golgeci & Gligor, 2017).

In summary, instead of choosing one efficiency perspective (retailer/customer) at the expense of the
other, managers should view both efficiency perspectives simultaneously, as they complement each
other, and seek dynamic solutions to counteract any conflicting interests. These implications are
particularly important to retail chain and store managers, inventory managers, planners, marketers and

analysts.

5.4. Directions for future research

Even though each of papers I-111 contributes to important topics of retail efficiency and the overall
scope of this dissertation provides a fresh perspective on the duality of interests within the
retailer/shopper connection, several avenues exist for developing new and compelling knowledge

within these specific research fields and for the retail industry.

One avenue for future research regarding the topic of in-store behaviour is using a mixed-methods
research design. This research design combines quantitative and qualitative research, such as
interviews or questionnaires and observations. Related to the specific design used in paper Il (study
2), a survey prior to entering the store that examines the motivation for and purpose of the shopping
trip could possibly help understand how shopper intention and motivation are connected to actual
customer in-store behaviour. More specifically, in a seminal paper on improving the analysis of
customer in-store behaviour, Granbois (1968) emphasizes the importance of collecting data based on a
combination of interviews and observations to capture planned versus actual behaviour. Such data are
valuable for the industry and researchers, as they provide information on customer intentions and
motivation and the relationship with actual behaviour. In addition, observing each shopper multiple
times, dependent on different modus operandi (motivation and purpose), could indicate how stable
efficiency within each customer segment is and whether new store formats should be developed to

justify adjustments in product variety, product or product category location, store layout, etc.

In relation to inventory turnover, paper Il identifies some spatial dependencies present in the data.
However, further knowledge of how inventory turnover is connected with exogenous factors is
needed. The utilization of more detailed data in combination with improved methods to extract spatial
dependence from inventory performance is a more appropriate route to better understand how such

factors actually and empirically impact business operations.
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This research further demonstrates the need for more interdisciplinary work that specifically addresses
the dilemmas, paradoxes and dualities in the connection between the customer and the retailer in the

quest for improved convenience and efficiency.
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firm size. These findings have important implications for practice.
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1. Intreduction

The ongoing crisis within traditional brick-and-rmortar retoil stores has received growing media
attention in recent years. "High street delivers worst performance in 12 years as retail crisis
deepens” (Clarke, 2018) is an example of a headline from such media coverage. Several foctors
contribute to this crisis, such as costs rising at o faster pace than revenue, high debt, and
competition with online shopping (Thomas, 2018). Economic data for the period 2012-2017
simultaneously show that for US retail, the inventory to sales ratio has grown (US Bureau of the
Census, 2018). This indicates that inventory performance for some retailers deteriorates, leading to
additional costs that impair store earnings and thus, contribute to the crisis.

Inventory management is considered an important manogement practice in any retail business
because of its impact on retail profits (see, e.g., Cronin, 1985). The most frequently used measure
of inventory management perforrmance is inventory turnover. This rmeasure is closely monitored by
senior executives in practice at both retail chain and store levels, and is the only performance
measure on inventory management available to other stokeholders through publicly ovailoble
financial statermnents. Business analysts and shareholders are showing an increased interest in
this business performance measure. An example of a recent acourrence of such interest is the
report of Hennes & Mauritz following its capitol market day in which the analysts of Credit Suisse
commented, “We remain unclear as to how H&M is going to trade out the inventory mountain
without doing further darmnage to full price sales..” (Irwin & Pratti, 2018).

The early discovery of the EOQ (Economic Order Quantity) model enabled computation of the
optimal number of items to order as to minimize total inventory holding costs and ordering costs
(Harris, 1913), and has been significant to the inventory management literature. From the advent
of this model, research has been growing significantly over a lengthy span of time, originally in the
single entity model setting and more recently in the collaborative and across business frameweork
{Williarns & Tokar, 2008). Recent emnpirical findings indicate inventory performance to be positively
related to financial performance measures, such as return on assets, return on sales, earnings
before interest and taxes (Alan, Gao, & Gaur, 2014; Capkun, Hameri, & Weiss, 2009; Chen, Frank, &
Wu, 2005, 2007; Eroglu & Hofer, 2011a; Isaksson & Seifert, 2014; Kesavan & Mani, 2013;
Rumyantsev & Netessine, 2007a; Shockley & Turner, 2014), and stock value and return (Alan
et al, 2014; Chen et al, 2005, 2007). This maokes inventory turnover a populor indicator for
evaluating the profitability of a firm. Moreover, time trends in inventory turnover were initially
found to be improving; for manufacturing firms in particular (Chen et al, 2005; Rojogopalan &
Malhatra, 2001). For wholesale and retail, there have been contradictory findings for some time,
but recent research on time trends for retail firms suggests that inventor turnover deteriorates
(Gaur, Fisher, & Raman, 2005; Kolias, Dimelis, & Filios, 2011).

Our study contributes to the literature on time trends in inventory turnover and is to the best of
our knowledge the first study on the effect of voluntary chaoin affiliation on inventory turnover of
independent retoil stores. Research on inventory turnover has mostly been conducted using data
from large American-listed retail corporations (e.g. Gour et al, 2005), and the findings may thus
not be valid across other geographical regions, firm sizes, or for privately owned firms. We there-
fore further contribute to the literature by providing findings from privately owned small and
medium-sized corporations. We exomine inventory turnover bosed on public financial data for
the period 1998-2013 on businesses operating stores affiliated to either one of three voluntary
cooperative retail chains belonging to the saome segment of stores selling home improvemnent
products. This period reflects rapidly increasing knowledge on efficient business management,
historically unprecedented growth in computational force, increases in consumer affluence, and
not least a steady rise of e-commerce in size and reach. Earlier studies on time trends in inventory
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turnover cover periods with quite different economic and societal conditions. There is as such
a need to revisit this issue again.

Our paper reports three main findings. First, we estimate inventory turnover, both with and
without controlling for explanatory variables, and we find that inventory turnover on average has
deteriorated annually with a much higher percentoge than comparable figures reported in the
study by Gaur et al. (2005). Second, we find that retail chain affiliation affects inventory turnover at
the store level when controlled for gross margin, capital intensity, growth in sales, and firm size.
This finding has implications for practice as it demonstrates that some retail chains outperform
others on inventory management. Third, we find the firm size to affect inventory turnover. This
implies that the small business owner should give inventory manogement more attention to
withstand competition, for instance by more closely monitoring inventory levels.

The remainder of this article is organized os follows. Section two reviews the relevant literature, while
section three describes the data and methods. The fourth section contains results and is followed by
a conclusion section that discusses the main findings, limitations, and implicotions for proctice.

2. Literature review

Research on inventory management has been conducted predominantly on the operations level,
analysing firm-specific business data or simulations of inventory systems, models and practices.
However, over the past two decades, interest in identifying issues related to inventory performance
across firms and industry segments has increased. This research has been conducted in the retail,
wholesale and manufacturing industries. One difference in these exominations is that retail stores
and wholesale firms as a rule hold only FGI, while manufacturing firms in addition hold the discrete
components of inventory as RMI and WIPI.

Rajogopalan and Malhotra (2001) were among the first to examine how inventory levels evolve
over time. They find that inventory levels decreased for most segments in the 1964-1984 period
and further abated in approximately half of the manufacturing firms in the decade after 1984.
These findings were later supported by Chen et al. (2005), who use data for the 1981-2000 period
to show that the inventory holding period was reduced from 96 to 81 days. This 2% annual
average reduction occurred mainly through WIPI, while the FGI holding period remained
unchanged. Furthermore, Chen et al. (2007) find that the medion wholesale inventory declined
from 73 to 49 doys between 1981 and 2004, while retail inventories started to decline from 1995
onwards. The results regarding retail inventories were, however, contradicted by Gaur et al. (2005),
who show that inventory tumover decreased (e.g. relotive inventories increased) by 0.45%
annually for the 1987-2000 period for listed US retail firms, whereas Kolias et al. (2011) find
that inventory turnover in Greek retail slowed by 3.4% annually during 2000-2005.

The presence of economies of scale with respect to inventory levels and firm size is demon-
strated in several popers (Gaur & Kesavan, 2009; Rumyantsev & Netessine, 2007b). Rumyantsey
and Metessine (2007h) use total assets as a proxy for firm size, while Gaur and Kesavan (200%)
extend this model with a quadratic term to allow for non-linear impacts of firm size. The results
support economies of scales, but ot a decreasing rate as firm size increases,

Another approach to measuring inventory performance is the performance metric empirical
leanness indicator (ELI) developed by Eroglu and Hofer (2011hb). The ELT measures, by industry
segment, the level of inventory relative to sale and control for economies of scale. This perfor-
mance indicator provides a single-value benchmark measure of firms within defined segments or
industries. In measuring ELI, Eroglu and Hofer (2011b) find o concave relationship for a lorge
number of industry segments. A similar measure that can be used as an industry yardstick is the
adjusted inventory turnover (AIT) metric proposed by Gour et al. (2005). This measure controls for
gross margin, capital intensity and sales surprise; however, it does not include a proxy for firm size.
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Levels of inventory relative to other financial metrics are important for stakeholders over the
longer term. However, the ability of a firm to rapidly odapt inventory in line with demand plays
a key role in inventory management. Rumyantsev and Netessine (2007a) propose several different
measures of such adjustment copability and responsiveness and find an association between
financial performance and these measures. Responsiveness is divided into two categories. The
over-responsive measure expresses that a change in sales is accompanied by o greater increase/
decrease in inventory, while the under-responsive measure indicates a smaller change in inventory
relative to a change in sales. More specifically, they find that over-responsiveness at the firm level
is associated with lower return on assets (ROA). Shockley and Turner (2014) find similar results at
the firm level and for some industry segments. Recent findings by Kesavan, Kushwaha, and Gaur
(2016) suggest that high inventory turnover (HIT) retailers respond to shocks by adjusting their
purchases, while low inventory turnover (LIT) retailers respond to shocks by adjusting prices. Their
analysis implies that financiol performance drops more among LIT than among HIT retailers when
demand shocks occur.

A large part of the more recent literature on inventory performance metrics focuses on estab-
lishing a link between efficient inventory manogement and financial performance. So far, this
strand of research suggests that such a link exists (Alan et al., 2014; Capkun et al., 2009; Chen
et al,, 2005, 2007; Eroglu & Hofer, 201 1b; Isoksson & Seifert, 2014; Kesavan et al., 2016; Kesavan &
Mani, 2013; Rumyantsev & Netessine, 2007a; Shockley & Turner, 2014). Of the discrete components
of inventory, which are of particulor interest to the manufocturer, RMI appear to have the
strongest relationship with financial performance. For the retailer and wholesaler, the level of
FGI is positively linked to measures of financial adeptness (Copkun et al,, 2009; Eroglu & Hofer,
2011a, 2011b; Isaksson & Seifert, 2014; Kesavan et al,, 2016; Kesavan & Mani, 2013; Shockley &
Turner, 2014). Some authors have also been able to establish a relation between relative levels of
inventory and the long-run value of firms, (Alon et al, 2014; Chen et aol., 2005, 2007). Finally,
several articles indicate that when firms respond to changing demand by adjusting inventories
rather than prices (e.g. responsiveness), financial performance is positively impacted (Kesavan
et al., 2016; Rumyantsev & Netessine, 2007a; Shockley & Turner, 2014).

As we have seen, research on inventory performance can be divided into two main categories.
The first category treats inventory performance os o self-contoined performance metric and
analyses inventory performance indicators such as inventory in levels, inventory turnover, and
inventory in days. This approach can be augmented by correcting the raw metric for certain
macroeconomic factors, such as the interest rate, gross domestic product, or a purchase manager
index (Chen et al., 2005, 2007). One can also adjust by some determinants of inventory, such as
gross margin, capital intensity and sales growth (Eroglu & Hofer, 201 1a; Gaur et al., 2005; Gaur &
Kesavan, 2009; Kolias et al., 2011; Rumyantsev & Netessine, 2007b).

The second category is concerned with how inventory performance affects financial perfor-
mance measures such as ROA, return on sales (ROS), earnings before interest and taxes (EBIT)
and stock vaolue (Alan et al., 2014; Capkun et al, 2009; Chen et al., 2005, 2007; Eroglu & Hofer,
201 1a; Isaksson & Seifert, 2014%; Kesavan & Mani, 2013; Rumyantsev & Netessine, 2007a; Shockley
& Turner, 2014).

Several inventory management approaches are employed by businesses to control inventory. In
the single business entity context, two main directions exist within inventory control models,
namely fixed gquontity systems and fixed period systemns. First, fixed quantity systems, frequently
denoted (Q,R) maodels, with Q representing the lot size or quantity to replenish and R the level
where the order is placed. Within this category of models, EOQ, rearder point and base stock policy
being the maost frequently published (Willioms and Tokar 2008). The second approach to contral
inventory is the fixed period systems, often defined (5, T) models, with 5 denoting the omount to
order, where T is the time period between review of inventory levels. Even though popular in the
industry, only a few scientific papers are published on such models (Williams and Tokar 2008).
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The amount of choices in inventory control models available for implementation in businesses are
significant. All such models have in common the desire to match supply and demand, and maximize
inventory performance. In measuring inventory performance, we employ inventory turnover and build
on previous research to control for effects known to be correloted with relative levels of inventory.

3. Data

3.1. Data sample

In this article, we analyse financial accounting statements for Norwegian firms that are equiva-
lent to a corporation (Inc. or Corp.) in the US or a private limited company (Ltd.) in the UK. The
dataset consists of yearly financial statements for all firms affilioted with one of three retail
chains, namely, XL-Bygg, Byggmakker and Byggtorget. These chains operate within the industry
of retail sale of hardware, paoints and glass, and have similarities of the larger and more well-
known retailers Bauhaus in Europe and The Home Depot in North America. We record chain
affiliation as of the end of 2013, and changes in choin affiliation during the somple period are
disregarded. The somple peried is 1998-2013 and contains 184 firms with 2107 observations.
These retail chains represent approximately 30% of the total domestic industry revenue and are
all represented in the top 10 largest home improvemnent retail chains of Norway. Brood metrics
for the remaining dominating retail chains suggest only marginal differences in measures con-
stituting the base of this analysis. The Morwegian economy haos during the same period grown
steadily; consumer prices and GDP for instance increasing by 31% and 24.4%, respectively
(Statistics Norway, 2019, 2018).

These stores carry a wide product assortment with product line width and merchandise
depth depending on the store size, location and strategy. Although there is some variahility
between stores, in general, these product groups are present: lumber, roofing, masonry, stones,
brick, doors and windows, hardware and tools, paint, floor covering, and cobinets. In addition,
some of these stores carry products such as light fixtures, electrical fittings and plumbing.
Although a product might be on display, it is not necessarily in stock and hence may need to
be ordered bosed on the specifications of the customer. For lorger construction projects,
a substantial part of the materiols needed is delivered directly to the building site without
passing through the store. These stores are generally specialized to serve both professionals,
such as carpenters, builders, and generol contractors, and homeowners in both product gui-
dance and supplies for home improvernent, remodelling, new home builds, or the construction
of offices and industriol facilities. The mix of customers by type of professional and homeowner
varies for each store,

The selected retail store chains are in principle voluntary cooperative organizations, with each
store owned and maonaged independent of the retoil chain. The main task of the retail chain is to
attend to common marketing, develop and negotiote purchase agreements and offer store
management computer support technology such as occounting, sales ond inventory. The funda-
mental differences between the retail chains are primarily that Byggtorget has the maost stores but
also the smallest ones, located in the most rural and least populated areas. In comparison, XL-
Bygg and Byggmakker outlets are located in municipalities with lorger populations and increased
centrality; however, XL-Bygg stores are smaller than Byggmakker stores.

Table 1 shows the frequency of the number of observations on financial statements and the
number of firms in totol and for each of the retail store chains. With regord to the number of firms
and years, Byggtorget is the largest of the retail chains measured in a number of stores with 84,
compared to 47 and 53 for Byggmakker and XL-Bygg, respectively. The table also indicates that
approximately 65% of the observations represents the full-time dimension of 15 years,

There may be several reasons why some firms have fewer than 15 years of accounting statements
available. Some businesses might have started up during the sampling period or been affected by
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mergers and ocquisitions. Furthermore, missing observations due to o lack of reported finandial
statements or colculation of variables may also influence frequency. The next section contains an
enhanced description of handling missing observations.

The use of full-year financial occounting data safeguards the registration quality because all
Morwegian firms are obligated to perform a yearly audit. A shorter time increment, and hence lack
of an audit, might weaken the quality of the dota. We note that beginning in May 2011, Norwegian
legislation deregulated the mandatory yearly audit for the smallest firms, but this change offects
a marginal number of the firms in our somple. Because very few firms would satisfy the criterion of
the new regulation by choosing not to perform o yearly audit, we take no action in our analysis to
account for this change.

3.2. Methods
We design the following variables, as shown in Table 2, to support this analysis.

Inventory turnover, IT, is calculated as the ratio of the cost of goods sold (COGS) relative to the
rmean inventory level (INV). GM denotes gross margin and is defined as the difference between
sales (5) and COGS divided by sales. CI denotes capital intensity and is the ratio of gross fixed
assets (GFA) to GFA and INV. The variable G represents sales growth. Sales (5) is the current year
total revenue, and 5% is its quadratic coincide. Finally, the subscript i identifies the firm, while t
embodies the period of time, i.e. the financiol accounting year. In addition, the indicator variable
IndC is used to group firms by industry code at the 2-digit level and based on the standard of
industrial classification (Statistics Norway, 2008), This sample of firms is confirmed to be
affiliated with one of three retail chains: Byggmakker, XL-Bygg or Byggtorget. The status of the
retail chain offiliation is registered at the end of 2013, while IndC is registered at the beginning of
2015 and is by this time-invariant.

Table 3 shows that the mean inventory turnover is 5.61 for the entire sample, while Byggtorget
on average hos 6.34, in contrast to .88 ond 5.27 for Byggmaokker and XL-Bygg, respectively.
Furthermore, the table reports gross margin measures to be 30% for the full sample with little
deviation for the different retail chains. The relative measure of mean capital intensity is estimated
to be 27%, varying in range for the included retailers from 22% to 31%. Growth in sales averages
1.19 but varies from 1.16 to 1.23 among the three retaoilers. Finally, sales on average vary from
14.5 million NOK for Byggtorget to 84.4 million MOK for the retailer with the largest stores,
Byggrmakker, averaging 43.6 million NOK in total.

In Table &, correlotions between the constructed variables for the N = 2107 observations are
reported.

For this analysis, we specify two models. The first model is similar to that of (Gaur et al., 2005)

but is enhanced to unveil the effects of firm size on inventory performance, with the modification
that our model uses the growth in sales variable rather than sales surprise.

Table 2. Definition of variables

Measure Calculation
Inventory turnover My = e
Geos marg o, g
Capital intensity e = g
Growth in sales Gy = e_l
Sabes Sir = Annual sales
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Table &. Correlation matrix

M{log) GM(log) Cl{log) Gllog) | Sllog)
[{log) 1
GMilog) | —0.261 1
Clflogh 0260 e 0,197 ek 1
Gilog) 0178 e —LOG b 0.052 - 1
S{log) 0.206 0.075 0.064 0.029 1

*p <010, p <005 p <001

Model 1 is stated as follows:
[
logITi, = f10gGMy + 0gCTy + #3109 + ulogS + FslogS's + . fealndG + pytime +ex (1)
a—

Inventory turnover (IT) represents the dependent varioble, and the model includes the independent
variables gross margin (GM), capital intensity (CT) and growth in sales (G), followed by the variable
sales (5) and its squared version (57) to address potential non-linear effects regarding economies of
scale. Furthermore, the model inherits industry segment (IndC) and a time trend variable (time). In
addition to the previously defined variables, common to all models, the explanatory § coefficient
represents the parometer to be estimated, while &; represents the remaining error term.

Based on previous research and the argument for choosing the independent variables included
in the design of both models, gross margin (GM) is negatively comelated with inventory turnover in
several studies (Gaur et al, 2005; Kolios et al, 2011; Shockley & Turner, 2014). This empirical
research similarly reveals a positive relationship between capital intensity {CI) and inventory
turnover (IT). Further growth in sales (G) is shown to be positively associated with inventory
turnover (IT) by Kolias et al., 2011. Finally, sales (5}, as previously stoted, acts as a proxy for size
and is assumed to address economies of scale.

We design the second model to uncover the effects of chain affiliation and its time component.
In examining differences in inventory performance between the three retail chains, model 1 is
extended with variables to capture such effects. Model 2 examines retail chains fixed and time
trend effects:

A 3
loglTy; = p1logGMy + ulogCly + falogGy + ulogSi + PslogS] + Eﬂhiﬂdﬂ + Elﬁﬂ:":hﬂ-
3
+ ¥ PpcChn;« time; + ey 2
&1

The durmmy variaoble Chn represents firms affiliated with the retail store chains of Byggmakker, XL-
Bygq and Byggtorget, respectively. To copture differences in time trends for each retail chain, an
interaction variable is constructed between Chn and time.

As previously indicated, all variables except IndC, Chn and time are transformed by the natural
logarithrn. This implies that the # coefficient represents the elasticity of inventory turnover with
respect to the associated dependent variaoble, while for the variable representing IndC, Chn and the
interaction between Chn and time are log-linear coefficients.

Several model specifications have been applied ond tested; however, the constructed models
and estimations techniques reported in the following sections this paper are the most consistent.

We test for serial correlation using the Wooldridge test (Drukker, 2003) and find evidence of an
AR(1) structure in the data.
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We employ a Prais-Winsten estimator (o special case of the feasible generalized least squares,
FGLS), controlling for a panel-specific first-order autocorrelation because we have a relatively long
time dimension in our data and thus assume varying seriol correlations within firms. We further
assume that the disturbance is heteroscedastic and contemporaneously correlated ocross panels.
Becouse our data are unbalonced with no common time periods for all panels, calculation of the
covariance is based on the paoirwise estimation of observations present in the panels. In addition,
the applied estimator return panel corrected stondord errors (Stoto: xtpese) found to be less
optimistic than that of the traditional FGLS estimator (Beck & Katz, 1995; Katz, 2016).

The initial dotaset consists of 192 firms with 2448 observations. We delete observations for only
three reasons. First, by computing the variables, the first year of data is lost in the transformation
process due to the calculation of variables by use of prior year values, such as for inventory tumover,
All observations that are missing due to these colculations are deleted, aos well as observations
missing for other reasons. Furthermore, observations equol to zero drop out due to log transforma-
tion, as the natural logarithm is defined only for positive volues. Second, because this is an
unbalanced dataset, the number of time periods T is not the same across all individuals i This
difference indicates that the data are unequally spaced and that different firms may have observa-
tions in different periods. In oddition, these observations might include firms with non-consecutive
runs; data belonging to one given firm might be missing and constitute a gap in the time dimension,
implying that one year might be missing in the middle section, resulting in two consecutive runs. For
firms with non-consecutive runs, only the sections within each firm containing the most observations
are retained. Third, we delete observations with values exceeding 75 for inventory turnover and 100
for growth in sales because o few observations contain values that severely influence the analysis. In
addition, firms with only one remaining observation, owing to the foct that they do not contribute to
adding information to the construct, are dropped. No further deletion of ebservations is performed,
a5 we trust the model specifications to handle such deviations, These deletions result in a final
dataset that consists of 184 firms with 2107 years of financial statements.

Retailers use several different methods for valuation of inventory, namely, first in, first out (FIFO),
weighted average and last in, first out (LIFO). The first two mentioned are the most common,
although other approaches may be practised. Since 2003, Norwegion accounting standards have
not approved of the LIFO method. The choice of and change in the valuation method in this
sample may affect inventory valuation but is not inherent in this dataset. Furthermore, as for most
accounting data collected, this panel might suffer survival bios becouse only firms affilioted with
a retail store chain at a given time constitute a part of the data; hence, firms filing for and going
bankrupt during the sample period are not present in this sample. Finally, even though this
analysis tests several different model specifications, more complex models that ore not considered
may potentially fit our dato even better.

4. Results and discussion

We find when estimating the models previously defined, as reported in Table 5, that gross margin,
capital intensity and sales growth contribute to explain variance in inventory turnover as reported,
for model 1 as well as for model 2. The results imply that gross margin is negatively associated
with inventory turnover, while capital intensity and growth in sales are positively related to it
These estimates are significant (p < 0.01) and returm the anticipated signs that are similar to those
found by previous research (Gour et al,, 2005; Kolias et al,, 2011).

Estimates of firm size (5) reported for both models return o positive and significont (p < 0.01)
coeflicient of 0.11 for model 1, shifting to 0,93 for model 2. This finding must be evaluated in light
of changing signs for 52 between models 1 and 2 (significant ot p < 0.05 and p < .01, respectively).
This finding suggests that inventory turnover increases with firm size but that there is diminishing
return to scale with an increase in firm size. These results are in line with the notion of economies
of scale and are similar to those found previously (Ballou, 2005; Gour & Kesavan, 2009).
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Furthermare, both models 1 and 2 control for the official registered industry code. Estimates
indicate that inventory levels vary significantly depending on what segment the business
operates within, from —0.75 to 0.52 and -0.62 to 0.63 for models 1 and 2, respectively. This
variance in data may stemn from the fact that even though firms operate a store outlet within
the store format and marketing concept of the affiliated retail chain, they may simultanecusly
have operations in other areas, such as being a builder or running a sawmill, which may
naturally influence the results.

The time trend variable included in model 1 returns significant estimates at the p < 0.01 level,
with a coefficient of —0.026. This finding implies that on average over the 15 years analysed,
inventory turmnover annually decreases by 2.6%. Table 5 further shows (model 2) that the time
trend differs among the three retail chains, with XL-Bygg having the least decline in inventory
performance, measuring —1.7% annually, followed by Byggmaokker with —2.3% and finally
Byggtorget with —5.9%; all estimates are significant at p < 0.01. A Wald test confirms that
the chain-specific time trend of Byggtorget is significantly different from that of Byggmakker
and XL-Bygg (p < 0.01), but no significant statistic difference exists between the latter two.,
These results indicate large differences between the analysed retail chains; however, over time,
some of them perform better than the others do. This negative time trend is generally o matter
of concern, particularly in the caose of stores affiliated with Byggtorget, because an increase in
relative inventory levels constitutes an increase in cost. To maintain an unchanged level of
earnings, this finding indicates that cost reductions must be obtoined from other parts of firm
operations. An alternative to reducing costs could be to increase gross profit margins to uphold
earnings or a combination of these two managerial efforts.

Finally, Toble 5 shows that intercepts Tor eoch retoil chain vary and return significant
coeffidents (p < 0.01). Whereas estimates for Byggmaokker and XL-Bygg differ only slightly
(—4.97 ws. —4.93), the intercept for Byggtorget is lower at —4.19. Tests of equality (Wald) imply
at the p < 0,01 significance level that the estimate for Byggtorget is significantly different from
those for Byggmaokker and XL-Bygg, but there is no significant difference between the latter
two estimates. As previously described, the time trend for Byggtorget is significantly more
negative than that for the other chains. However, the chain intercept estimate implies that
Byggtorget hod o head stort on its competitors and to some extent improved the overall
compelitive setting for these stores,

Although estimations return signs in accordance with recent research controlled for gross
margin, capital intensity and growth in sales and firm size, these indicate a downward-sloping
inventory turmover during the past one and a half decades. The reasons for this reduction in
inventory efficiency are not provided by our models; however, research suggests that an increase
in product variety is one of severol reasons, moking forecasting soles more challenging and
therefore increasing inventory levels (Rojogopalan, 2013; Rondall & Ulrich, 2012). Effects of
o continued long-run negative trend will ultimately couse an additional rise in cost, eventually
making positive profits impossible,

While estimates in Table 5 give adjusted measures of inventory turnover, similarly unadjusted
changes in the inventory turnover and other key variobles are of interest. We implement a linear
growth model using OLS and fixed firm effects estimations. These estimations return the results
reported in Table 6. The log specification of the dependent variable implies an exponentiol growth
model. The full sample shows that inventory turnover is negative by 2.3% annually. Furthermore,
that gross profit margin has increased by 0.7% annually, while capital intensity and growth have
decreased annually by approximately 2.1% and 0.8%, respectively; all estimates are at significant
levels. For each chain of retailers, similar estimations are executed, revealing differences in
estimates, however not significant. The exception is the time trend in inventory turmnover for
Byggtorget, which is notably more negative than the other two.

Page 11 of 17

54



Breivik, Cogent Business & Management (2019), & 16049332 :i:' cugent ~hsiness & manage ment
httpsyfdoi.org/10.1080/23311975.2019.1604932

Table 5. Regression estimates

DV = IT(log) Model 1 Model 2
Coefficient Coefficient

GM{log) 0480 0443

Cl{log) 0068 e 0.060

Gllog) 0.2720 0.180

Hlog) o117 e 04928 e

{log) 0004 > 0.030

IndC 16 base base

IndC 41 0006 -0.062

Ind{ 43 0362 " 0.602

Ind 46 -0.288 e -0.273

IndC 47 -0.335 -0.310

Indl 52 -0.196 -0.174 -

Ind{ 68 0.754 0.618

IndC 71 0.521 * 0.631

Tirme Lrend —-0.052

Byoggrnakker * time 0.023

XL-Bygg * time -0.017

Byogtorget * time -0.059 e

Byoggrmakker ~4.971

¥L-Byog 4976

Byogtorget —4.191

Rha 0627 0.596

R 0884 0.873

Wald Chi2f 26,983 25617

Prohi=chi?

Migroups 2,107 184 7,107 184

*po< 00, " p < 005, " p < 001, Prais-Winsten regression with panel-specific AR(1) disturbances and panel
corrected std. err.

Figure 1 shows o scatterplot of predicted inventory turnover values using model 2 relative to firm
size. The figure clearly indicates economies of scale, however, in a non-linear fashion, by the
median spline based on a polynomial function.

Based on the regression estimates in Table 5 (model 2), we colculate and find that the stores
connected to the retail chain of Byggmakker return a 23.4% lower inventary turnover than those of
Byggtorget. Furthermore, XL-Bygg stores, on average, have 15.3% less inventory turns than
Byggtorget stores. As Figure 2 shows, predicted average inventory turms (based on model 2) for
all three retail chains in our analysis indicate a decrease over the sampling period. Although stores
of Bygqgtorget on average perform better than their competitors, this decrease in inventory tumns is
predominantly more significant for this retail chain relative to both XL-Bygg and Byggmakker. At
the same time, and as previously stoted, the stores of Byggtorget have the greatest improvermnent
in gross profit margin, which to some extent may compensate for an increase in costs in holding
higher levels of inventory.

5. Conclusions

In the current research, we examine time trend effects on inventory turnover for the period of
1998-2013 in Norwegian retail. We find a yearly dedline in inventory performance in the range of
1.9% to 5.9%, depending on chain affiliotion. Controlled for gross margin, capital intensity and growth
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Figure 1. Firm size effects on
inventory turnover.

Figure 2. Development in
inventory performance:
1999-2013.
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in sales, we find inventory turnover to deteriorate annually with —2.6% on average. These findings add
further insights on the development in inventory performance over time, not only for the individual
retail chain at hand, but also in general. The results in this study stand in contrast to comparable
findings by Gaur et al. (2005), who report for an annual deterioration of 0.45% in inventory turnover
for US retail (the period 1987-2000). Our study point to a much higher decline in inventory perfor-
mance, which may reflect differences in economic and societal conditions between the two studies.
Recent findings from Greek retail, although measured for a shorter time duration than in our study
(Kolios et al,, 2011), find inventory turnover to drop at an annual rate of 3.4%. Thus, there seems to be
a downward curve in inventory performance occurring despite continuous developments in technol-
ogy, management and operations. Some retailers may perform better than others perform, but as our
study demonstrates, even the retail chain with the strongest time trend has experienced a negative

Page 14 of 17

57



Breivik, Cogent Business & Management (2019), & 16049332 :i:' cugent ~hLsiness & manage ment
httpsyfdoi.org/10.1080/23311975.2019.1604932

curve in inventory performance. This may suggest that there is a general negative trend in inventory
performance among traditional bricks-and-mortar retailers, and in light of previous literature, even
from an international perspective.

Possible explanations of this negative time trend may be increased competition in general,
particularly with online sales, different pricing strategies, extent of service, as well as increases
in assortment, product variety, ond safety stocks; oll to better meet custorner wants and needs.

Moreover, similar to previous research in this area we find economies of scale to exist for
inventory turnover (see for instance Gaur & Kesavan, 2009). As firm size increases, so does
inventory performance, although at a diminishing rate. Economies of scole related to relative
inventory levels may be linked to several circumstances, such as better inventory management,
including inventory operations, expertise and software to support it.

Our findings further support earlier studies that have revealed a strong negative association
between inventory turnover and gross margin (Gaur et al., 2005; Kolias et al., 2011), and those
reporting o positive correlation between capital intensity, sales growth and sales (Gaur et al., 2005;
Rumyantsev & Metessine, 2007b; Gaur & Kesavan, 2009; Kolias et al., 2011; Eroglu & Hofer, 2011b).
Furthermore, we find inventory turnover to be dependent on and vary between industry segments
and support previous research (Gaur et al., 2005).

This study contributes to the literature on time trends in inventory turnover (Gour et al.,
2005; Kolias et al,, 2011), and is to the best of our knowledge the first study on the effect of
voluntary chain affiliotion on inventory turnover of independent retail stores. Since this stream
of literature is bosed on findings from large American listed retaoil corporations, we further
contribute to the literature by providing findings from privately owned small and medium-sized
corparations,

5.1. Limitations and future research

Although this study contributes to examining chain affiliotion and time trend effects on inventory
turnover performance, it has some limitations. As our data do not offer measures on specific types
of inventories, while at the same time include firms in industry segments likely to hold both RMI
and WIPI, generalizations may not prove consistent in the time dimension. Even though we argue
that inventory turnover performance depends on chain affiliation and diminish over time for all
retail chains involved in our study, it may have been influenced by the actions and performance of
the remaining businesses representing about 70% of the industry revenue.

Access to time-variant information on firm chain affiliation, industry code, data on firms closing,
bankrupicy, change of industry segment, and switching retail chain affiliation, would olso bring
more dynamics into the data and potentiolly provide further insights into this topic.

In addition to the limitations described above, there is overwhelming potential for further
research on this issue. Access to business data, such as the ratio of sales to professionals versus
regular custorners, or the degree of wholesale versus retail distribution, may contribute to explain
inventory turnover beyond what can be determined through metrics used in this study. In oddition,
it is known that lead time significantly affects inventory turnover, and a study that includes store
location can potentially be of help in understanding this important metric from the microeconomic
perspective, Furthermore, different approaches are avoiloble to access information on efficiency or
productivity, such as stochastic frontiers or dato envelopment analysis. This approach aims to
define the frontier of the most efficient firms, thereby identifying those firms that are not efficient,
and may potentially provide insight into inventory productivity.
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5.2. Managerial implications

Because firm size offects inventory turnover, owners of small businesses should give inventory
management more attention to withstond competition. We recommend in particular that small
firms monitor inventory levels more closely. Moreover, we odvise small firms to troin their key
personnel to manage and develop further important inventory tasks within the business, as inventory
is key to what the firm has to offer its customers. At the some time, holding inventory carry consider-
able costs and thus, has to be managed well If not, the firm risk contributing to the rising negative
trend in inventory performance that may contribute to partly explain the ongoing retail crisis.
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ABSTRACT ARTICLE HISTORY
Operational efficiency in the retail business is vital in order to be profitable in a competitive envi- Racenved 5 February 2021
ronment. This paper investigates how environmental factors, firm size and time trends are linked o Accepted 2 August 2021
inventory performance. We use location data, demographic data and 16 years of financial accounting KEYWORDS

data from small and medium-sized home improvermnent retailers to explain inventory performance Inventory tumaver; logistics
at a chain and a regional level. Traditionally a regression model could be used to assess the impactof  management; effic

the explanatory variables on inventory performance. We choose to use a stochastic frontier model  market conditions; retall
since inventory turmover is linked to efficiency and productivity. Furthermore, we allow the model to

control for key financial figures such as gross margin, capital intensity and sales growth. We find that

efficiency in inventory performance varies depending on local market conditions and store location.

Maoreover, increased firm size tends to increase inventory efficiency, while time trend in inventory

efficiency varies by retail chain affiliation. This paper provides new insights into the literature on

operations- and inventory management, and suggests that retail managers should consider includ-

ing environmental factors as part of their analysis when using inventory turnover as an efficiency

benchmark.

r

Introduction efficiency is linked positively lo financial performance

Inventory is a critical asset in the retail sector and associ-  (Eroglu & Hofer, 2014; Isaksson & Seifert, 2014; Shockley
ated with considerable costs (Azzi el al,, 2014). In 2016, & Turner, 2015), most firms will gain financial benefits by
inventory costs were estimated at $409.8 billion for US  increasing their efforts to enhance inventory efficiency.
businesses alone, representing nearly 30% of the total Surprisingly little research has been done on the effect
logistics costs and accounting for as much as 2.2% of US  of environmental factors on inventory efficiency in retail
GDP (Monahan el al., 2017). Inventory is further con- businesses. We find this interesting because geograph-
sidered the asset that is most difficult to manage (Kolias  ical store location due to topography and transporta-
et al,, 2011). Inventory represents what the business can ~ tion distance can resull in differences in replenishment
offer its customers and determines the firm's service level,  lead times between stores located in different regions
There are costs related to both over- and understocking ~ and consequently affect the need for more or less safety
inventories. While excessive inventories lead to higher  stock (Ballou, 2005). Furthermore, geographical pres-
storage costs, increased capital tie up, and risks of spoilage  ence, markel concentration, demand density, density of
and obsolescence, a shortage of inventory may lead o economic activity, competitive environment, urbanisa-
unsatisfied customers and reduced sales. Inventory lev-  tion and centrality have all been shown to be associ-
els must therefore be balanced with the associated costs  ated with firm-level efficiency in the more general liter-
of holding inventory (Salam et al., 2016). ature on productivily (e.g. Aiello & Bonanno, 2016; Assal
The most frequently used measure o evaluale inven-  etal, 2011; Bos & Kool, 2006; Carlino & Voith, 1992; Cic-
tory efficiency is the inventory turnover ratio (Gaur  cone & Hall, 1996; Ko et al,, 2017). Thus, it is likely that
et al., 2005). The inventory turnover ratio is calcu-  environmental factors affect inventory efficiency in retail
lated as the cost of goods sold divided by the average  businesses.
inventory level, and can be used as a comparative mea- To address these shortcomings, we estimate the effects
sure across firms. Since research shows that inventory — of geographic store location, degree of rurality, and
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market conditions on inventory turnover efficiency. We
{urther decompose retail invenlory efliciency al the chain
and store levels using firm size and time trends. While
the main novelty of this paper is related to the effects of
environmental factors on inventory turnover efficiency,
we are also the first to estimate inventory efficiency by
empirically applying stochastic frontier analysis (SFA).
The benefit of SFA is that it computes a relative mea-
sure of performance. Specifically, a frontier is estimated
which allows comparison of each firm Lo the best-praclice
companies. This deviation gives an efficiency score and,
consequently, this efficiency score measure how close a
firm's inventory turnover is to what a firm's optimal
turnover would be {Weill, 2008).

The results show that market conditions in the area
surrounding the location of the store affect inventory
efficiency. The most rural locations and the most cen-
tral locations are the mosl efficienl. However, relalive
to municipal population size, inventory efficiency at the
store level increases as the population size rises. These
findings contribule to theory by bridging an impor-
tant theoretical gap in the literature on operations- and
inventory management concerning environmental fac-
tors affecting inventory efficiency. Since the results sug-
gest that retail managers should consider including envi-
ronmental factors as part of their analysis when using
inventory turnover as an efficiency benchmark, the find-
ings also have important managerial implications. We
also find firm size Lo be posilively associaled with inven-
tory efficiency. The estimates indicate that increasing
firm size from five to 25 employees improves inven-
tory efficiency by approximately 12 percentage points.
Moreover, no firms with more than 40 employees dis-
play inventory efficiency scores below 80% of the best
performing firms. Further, although inventory etficiency
varies widely both at the store and retail chain levels, we
find that stores affiliated with one of the retail chains have
increased their inventory efficiency over time while the
stores affiliated with the other two chains have become
less efficient. The stores affiliated with the outperforming
retail chain advanced their efliciency on inventory by 10.5
percentage points in the 1998-2013 period relative to the
lesser performing chain.

The rest of the paper is organised as follows. In the
next seclion, we discuss relevant literature and present
our analytical fraimework. This is followed by a descrip-
tion of the data, the variables, and the foundation of the
applied method and models, We then present and dis-
cuss the results. Finally, as part of the conclusion section,
we present and discuss possible implications, suggest fur-
ther research and discuss the limitations of the current
study.
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Literature review

From a theoretical point of view, it is evident that inven-
tory management is of significant importance to min-
imise costs in holding inventory. The early findings of
these relations date back to Harris (1913/1990) through
the construction of the economic order quantity model,
which states that there is an optimum number of items
to replenish. Even though the assumptions for this model
are rather restrictive, the contribution from these insights
and subsequent inventory control models have had a
prominent impact on operations management in indus-
tries carrying inventory. Thus, the early focus of research
on invenlory management was on invenlory systems and
practices (Williams & Tokar, 2008).

However, research during the past two decades shows
a shift in research focus on inventory management, For
instance, the inferest lowards faclors related lo inven-
tory performance across firms and industry segments has
increased. In this section, we first look into the literature
on inventory and financial performance, Although this
topic is not directly related to the scope of this article,
these research projects provide useful insights into what
has been done in the broad field of inventory research.
Then, we look at firm characteristics relevant for the
current research, followed by research on environmental
factors that can affect inventory levels. This section con-
cludes with a figure presenting our analytical framework.

Inventory and financial performance

Most studies have examined manufacturing firms and
similar industries with discrete inventory components as
raw materials inventory (RMI}, work-in-progress inven-
tory (WIPI) and finished-goods inventory (FGI). The
attention paid to retail and wholesale businesses has been
scarcer. 'To some extent and depending on context, there
are similarities between inventories of retail companies
and FGI of manufacturing companies. However, there are
also visible differences. Transportation, direct labour, and
inventory holdings represent 11-20% of the tolal costs for
process industries, while similar numbers for retail are
5% (Moser et al., 2017).

A large part of the literature on inventory perfor-
mance focuses on the effect eflicient inventory man-
agement has on financial performance. The association
between inventory and financial performance was for
some time inconclusive and examined initially only for
manufacturing firms. Rumyantsev and Netessine (2007b)
examined listed manufacturing businesses across eight
different OECD countries and found a negative relation-
ship between days of FGI and profitability in half of the
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sample. Further, Rumyantsev and Netessine (2007¢) and
Cannon (2008) found no relationship belween inven-
tory and financial performance. However, Capkun et al.
(2009) found a negative relationship between levels of
RMI, WIPL, and FGI scaled on sales, and concluded, con-
trary to Rumyantsev and Netessine (2007b), that FGI was
the most important inventory. Still, as pointed out by
Eroglu and Hofer (2011a), these findings may be sub-
ject to poor modelling and data issues. First, scaling the
dependent and explanatory variables with the same vari-
able, i.e. sales as done by Capkun et al. (2009), would
introduce a significant bias in estimates. Second, the use
of large samples and broad segments would also lead
lo incorrect benchmarking resulls. Correcling for these
issues, they find that RMI have the greatest effect of
financial performance.

There has also been a discussion about the shape of
the relationship between inventory levels and [inancial
performance, and some of the aforementioned research
in the previous paragraph support a linear associa-
tion. However, there seem lo exist a non-linear rela-
tion between inventory and profitability. Thus, there is
an optimum level of inventory and beyond this level
profitability suffers, and most companies will gain finan-
cial benefits by increasing inventory efficiency (Eroglu &
Hofer, 201 1a; Isaksson & Seifert, 2014).

In the retail sector, there is a positive relationship
between inventory turnover, return on sales and assets
{Shockley & Turner, 2015). Retail firms with high inven-
tory turnover respond better to demand changes than do
firms with low inventory turnover (Kesavan et al., 2016).
Furthermore, inventory performance predicts future
stock returns for US, retailers (Alan el al, 2014), and
inventory level is nepatively associated with cost effi-
ciency for medium-sized companies operating in seven
European countries (Weill, 2008),

From an overall corporale perspeclive, invenlories
have been analysed in several different research direc-
tions, such as their association with financial perfor-
mance, scale effects, and other firm-specific drivers that
are associaled with inventory performance. These fac-
tors are, to some degree, possible for the management
to adjust. However, exploring the relationship between
inventory performance and environmental factors that
are harder to control by management, has nol caughl
the same attention in research of inventory performance.
Still, some studies have investigated how inventory levels
evolve over time. Others have highlighted the importance
of varying lead-time to explain differences in inventory
performance due to various distances between retailers
and central warehouses, This and other environmen-
lal faclors, such as local markel conditions, could also
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affect inventory performances for firms. In the follow-
ing section, we discuss the relationship between firm
characteristics and environmental factors on inventory
performance in more detail.

Firm characteristics

When analysing inventory performance metrics such as
inventory turnover or inventory in days, these should
be controlled for financial metrics such as gross margin,
capital intensity, and sales surprise (Gaur el al., 2005).
There seem to be a negative relationship between gross
margin and inventory turnover, and a positive relation-
ship between capital intensity and sales growth (Gaur
el al., 2005; Kolias et al., 2011). This implies that firms
with better margins on their sales have higher rela-
tive inventory levels, while firms with high investment
in assets relative to inventory return better inventory
performance.

As several authors have identified, and Froglu and
Hofer (2011a, 2011b, 2014) and Isaksson and Seifert
(2014) in particular, there are considerable differences
between firms in broadly defined industrial sectors, and
failure to adjust for that may lead to incorrect bench-
marking results. Thus, it is important to control for differ-
ent industry segments when modelling inventory perfor-
mance. Table 1 presents an overview of selected studies
in the context of firm characteristics, which are relevant
for the current research,

The interest in how firm size affects firm specific mea-
sures is evident throughout the management and opera-
tions literature. Within the productivity literature, Diaz
and Sanchez (2008) found in their analysis of Spanish
manufacturing firms in the 1995-2001 period that firm
size nepatively affects value added. However, related to
inventories, the number of studies is limited. Kesavan
et al. (2016) and Breivik (2019) found that firm size
measured in lerm of sales is posilively correlated with
inventory turnover.

In addition to firm size, chain affiliation is also recog-
nised for possessing scope-and-scale economies in sales
and purchasing. Retail chains ulilise more sophisticated
distribution and inventory control systems and tend to
offer lower prices and more standardised products (Din-
lersoz, 2004). Chain stores are an important part of the
economy in developed economies, and this is especially
the case for the retail sector (Kosova & Lafontaine, 2012;
Perrigot, 2006). Studies show that national chains in the
LS. have contributed to productivity gains in the retail
secltor (Doms et al., 2004; Foster el al., 2006) and that
national chains have experienced faster growth (Jarmin
et al, 2009).
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Various measures of capital turnover is frequently
used Lo identily a firms” ability to operate elliciently by
being able to utilise invested capital in an optimal way.
Delen et al. (2013) classify the asset turnover rate as asset
utilisation and that this ratio indicate a firms’ ability to
generale sales, hence operating efficiently. Shockley and
Turner (2015) find in analysing financial performance
that firm level deviations from segment levels on asset
ratins affected firm financial performance in a positive
MANNEr,

Environmental factors

The variation in inventory performance is alfected by fac-
tors over which the managers have little control, due to
circumstances present in the firm's environment. Empir-
ical studies have shown thal environmental faclors have
moderating effects from organizational- and ownership
structure to strategic decisions (Eroglu & Hofer, 2014).
In the productivity literature, geographical presence,
markel concentration, demand densily, density of eco-
nomic activity, competitive environment, urbanisation
and centrality have all been shown to be associated with
firm-level efficiency (e.g. Aiello & Bonanno, 2016; Assaf
etal., 2011; Bos & Kool, 2006; Carlino & Voith, 1992; Cic-
cone & Hall, 1996; Ko et al., 2017). Hence, environmental
factors could help explain why some firms are more effi-
cient in their inventory management compared o other
firms. Table 2 gives an overview of relevant studies,

When assessing relative inventory levels in multiple
firms, it is essential to control for geographic store loca-
tion. This is because the distance between retail stores
and the warchouses of producers, importers and whole-
salers, as well as the centralised retail chain inventory,
vary and affect lead times. Ballou (2005) showed by sim-
ulations for various inventory models that aggrepated
inventory levels increased when lead-lime increases. This
is due to an added need for safety stock to counter-
measure the demand uncertainty associated with an
increase in lead-time (Baker, 2007). Research on how
regional factors affect retailers is limited, bul earlier
examinations have shown that total factor productivity
across LS. states increased with urbanisation (Carlino &
Voith, 1992),

Several studies show that local market conditions
affect company performance. Eroglu and Hofer {2014)
show that reduction in inventory levels may lead to nega-
live financial performance in markels with lower degrees
of competition. In the retail sector, Ko et al. (2017) exam-
ined sales revenue and number of customers and found
a positive association between efficiency and competitive
environment, measured as similar stores within a radius
of 500 metres. In the bank sector, however, there has been

66

contrary results. Aiello and Bonanno (2016) found that
cost- and profit efficiency dropped when the competi-
live environmenl increases, measured as an increase in
number of local bank branches.

Further, Bos and Kool (2006) found environmental
factors to be less important than managerial performance
using urban versus rural location and populalion size
as proxies for market conditions. However, using other
measures of local market conditions could lead to other
results. Ciccone and Hall (1996) are using density, mea-
sured as intensily of humans, labour, and physical capital
relative to physical space, and state that density is a better
measure than size (of the municipality) in the regard of
explaining productivity. Otsuka (2017) found that popu-
lation agglomeration, investments in infrastructure, and
density of firm clusters increased regional productivity.

Several studies aim to measure time trends in inven-
tory, and time trends are in general used to capture
lime effects nol otherwise caplured in a model (Hill
et al., 2011). Rajagopalan and Malhotra (2001) investi-
gated manufacturing firms using industry-level data and
concluded that finished-goods inventories vary among
industries in both directions, but they identified no sig-
nificant time trend for half of the industries. Chen et al.
(2007} found that the median number of inventory days
decreased from 73 Lo 49 using firm-level data {rom both
retail and wholesale firms, but that the inventory for the
retail segment only started to decline in the mid-1990s.
Contradictory to these, Gaur et al. (2005) found for the
1987-2000 period thal unadjusled invenlory lurnover
declined by 0.45% annually, which demonstrates an
increase in relative inventory levels. For Norwegian home
improvement stores for the 1998-2013 period, Breivik
(2019) found inventory turnover to decline by 2.3%
annually. Although research at the present time does not
clearly indicate the direction of the time trends for inven-
tory in retail firms, several findings point towards some
firm specifics thal are closely associaled with relative
levels of inventory (Gaur et al., 2005; Kolias et al., 2011).

Figure 1 illustrates the proposed model for analysing
the effects of firm characteristics and environmental fac-
tors on inventory performance. The first component
analyses the factors explaining inventory turnover, while
the second component analyses the factors explaining the
differences in inventory efficiency.

Methodology
Data

The data used in this study are annual financial state-
ments for firms affiliated with three different Norwegian
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Figure 1. Analytical framework.

retail chains. The firms are operating as home improve-
ment retailers selling construction products and tools to
end users in Norway. The original dataset consists of all
the firms affiliated with the chains, but some firms were
excluded in the final dataset due to the following criteria:
(1) The data are limited to include only private limited
companies, thus leaving out firms organised as sole pro-
prietorships since those firms are not legally bound to
report accounting records according to the Norwegian
Accounting Act. (2) Missing observations on inventory
turnover or growth in sales are removed. (3) Observa-
tions with an inventory turnover = 80 and growth in
sales > 10 are removed since these values are considered
extreme values and are mainly related to enterprises in
a start-up phase. (4) Firms with turnover of more than
50 million Euro (approximately 500 million NOK') are
removed since such firms are not considered small- and
medium sized enterprises based on EU recommendation
2003/361.

Approximately 10.6% of the observations were
removed from the original dataset due to these crite-
ria, and the final dataset comprises of 2,189 observations
from 187 firms for the period of 1998-2013. Not all firms
are represented every year in our study period, making
our panel unbalanced. Moreover, there may exist gaps
in the observations of the firm. All the firms present
in our dataset report financial statements according to
Norwegian General Accepted Accounting Principles (N-
GAAP). According to N-GAAP, transactions enter in the
accounts when risk and control of the good is transferred
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from seller to buyer, meaning that goods in transit would
not be present in the accounts either as sales and COGS
(for the seller) or as inventory (for the buyer). The
study period of 1998-2013 was chosen since there have
been substantial structural changes in the marketplace
post 2013, with several mergers and acquisitions taking
place.

The three retail chains present in our study repre-
senled approximately 30% of the industry revenue in
2014. These chains were chosen since the local stores
are registered as limited companies with independent
accounts. Other players in the market are either part of
conglomerales that operate in several different sectors of
the economy, e.g. groceries and real estate, and do not
present stand-alone accounting data for their activity in
the sector for building materials and hardware, or where
the local stores are not registered as a limiled company.
Thus, these actors only provide accounting data for their
total activity in Norway as a whole. The retail chains
present in our study consists of Byggtorget, XI-bygg, and
Byggmakker. The latter is owned by a foreign build-
ing and construction material company, while the other
two are owned by their members. According to statis-
tics from Virke (Byggeindustrien, 2018), total turnover
for the building materials and hardware retail industry
in Norway was in 2017 approximately 4.58 billion Euro
(45.8 billion NOK?),

In addition to store level accounting data, we include
in the analysis records on annual municipal population
reported by Statistics Norway (2018) and a classification
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Table 3. Description of variables (the panel data Indicative of firm | at time ),

Varlabde Description Measure
COGS; — Invenlory, — lnvent

i Inventory turmover Measured as: ———— whereas Taventory, — i 0¥

[nventory, 2

OGS
GM; Gross profit margin Measured as:1 — Snlﬁ:"
Fixed assetsy

Cly Capital Intensity Moasured as: Fixed assetsg — Tnvenionyy
Gy Growth In sales Measured as: thln,

SaAlCEF—]
I C; Sector code based on 5K 2007 Dichotomous varlabbo: 1 If firm operates In a spedific Industrial sector; 0 If not. Based on the firm's

sector code in 2013, Included sector codes [2-digitk: 16, 41, 43, 46,47, 52, 68 and 71.

REG; Geographical region where the firm is located  See map for detalls. Based on the firm’s post code In 2013,
S04 Sales on assats Measured as: — Salesy

Total assetsy — Inventory;,
MG Measure of municipal centrality as defined by Factor variable: 3 i it Is acentral municlpality, 2 1 it s a fairy central municipality, 1 1F it ts 2 fairly remote

Statistics Norway (1999) munlcipality, and O 1F it 15 3 remote municipality
POPy Population of municipality Population of municipality of which the store b located
CHNg Retall chain affilation of the firm Based on the chaln affillatien the firm has in 2013, The retall chain affilations are Byggmakker, X1-Bygg
and Byggtorget.

Nok g Company slze HNumber of employees In firm
Time;  Time trend Discrate varlable: 1 for the first year of observation for the firm

Mote: The EU MACE rev.2 and UN ISIC standards are basls for the Norweglan Standard Industrial Classification - SIC 2007 (Statistlcs Norway, 2008).

Table 4. Summary statistics.

Mean StdEm. [ Max.
Imventory turmover (IT) 581 4.36 1.60 3755
Gross profit margin (GM) 0.30 007 016 062
Capttal Intensity (CIy 0.25 019 000 0.85
Growth In salias (G) 1 022 0,84 361
Employeas (NoE) 1581 13490 1.20 196.67
Sales over fixed assets (SOA) 501 242 0.92 1847
Population (POP) 18351 48757 618 540807

on centrality on municipal level as defined by Statistics
Norway (1999).

Variables

A full description of the variables used in this study is
presented in Table 3, and summary stalislics is given in
Table 4.

Some of the variables in Table 3 need a more thor-
ough description. The dependent variable is inventory
turnover, represented by [T, and this variable is com-
monly used as measuring efficiency in the retail sector
(Gaur et al., 2005). Since the inventory turnover is calcu-
lated using both the opening and closing balance of the
accounting year, the analysis starls from the year 1999,

Norway is a long and narrow country which consists of
323,752 km? (CIA, 2020), and the driving distance from
the southernmost point (Lindesnes) (o the northernmost
point (Nordkapp) is about 2,350 km. In addition, approx-
imately 3/10 of the area is situated above the Arctic Circle,
and these factors are causing logistical challenges that
may nol be present in other countries. In Norway, as
in most countries, there are present regional differences
in terms of population and population density. Thus,

69

geographical locations may influence replenishment lead
times and consequently affect the need to increase or
decrease safety stock (Ballou, 2005). To capture the spa-
tial dependence and regional differences in our data, we
include a regions variable, represented as REG;, using
the structure of nomenclature territorial units, NUTS,
defined by Statistics Norway (1999). Figure 2 presents the
six different regions including population and population
density of those regions.

Further, we are using the population of the municipal-
ity, represented by POP;,, as a proxy of the size of the local
market. But, since there is a difference of being situated in
a small municipality in terms of population nearby Cslo,
the capital of Norway, than being situated in a similarly
small municipalily in a more sparsely populaled part of
the country, we include a measure of municipal central-
ity, represented by M C;, to control for a more competitive
environment in nearby areas.

Measuring efficiency

To determine the inventory efficiency, the stochastic
function analysis (SFA) of Aigner et al. (1977) and
Meeusen and van Den Broeck (1977) is used as a method-
ological starting point. The frontier methodology is
based on a frontier function that gives limit (i.e. minimal
or maximal} output values for any given level of inputs
(Baltas, 2005). This approach presents the advantage of
disentangling the efficiency and statistical noise taking
exogenous events into the distance from the efficiency
frontier. Hence, the error term consists of two compo-
nents, one to account for purely random statistical noise,
and another error-term to account for the deviation from
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Figure 2. Geographic reglons, population and population density In Norway.

the frontier. Thus, the frontier is specified as:

(n
(2)

Yit = B'%it + €

€it = Vit + Ui

in which yy is the dependent variable, inventory turnover
in our case, x;; is a vector of explanatory variables. The
error lerm, €;, is asymmelric and consists of two com-
ponents. The first term,v;, of the composite error term is
the white-noise stochastic term as in a standard regres-
sion disturbance which is normally distributed with zero
mean and constant variance, i.e. vy ~ N(0,a2). The sec-
ond term, uy, is the firm inefficiency as a non-negative
measure with assumption on distributional properties
as N(ua,a}). Further, the inefficiency term, uj, could
incorporate exogenous variables, Zj;, that explain ineffi-
ciency characterising the environment in which the firm
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operate, such as competitive conditions, network charac-
leristics, and so on (Kumbhakar & Lovell, 2000). The two
terms, vy and uy, are distributed independently. Hence,
in addition uy have the following specifications:

uy = 82is + pit (3)

The advantages of using a SFA approach is that it com-
pules a relative measure of performance which allows
comparison of each firm to the best-practice companies
in the frontier. Further, this deviation gives an efficiency
score that measures how close a firm’s inventory turnover
is to what the optimal inventory would be for that specific
firm (Weill, 2008).

Traditionally, SFA was estimated by a two-stage pro-
cedure, where the frontier, Equation (1), was estimated
in the first-stage, and the obtained efficiency, Equation
(3), was regressed on a set of explanatory variables in the
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second-stage (Weill, 2008). However, as pointed out by
Kumbhakar and Lovell (2000), this leads o some econo-
metric issues. The explanatory variables, in Equation
(3), must be assumed as uncorrelated to the frontier,
in Equation (1), or else the maximum likelihood esti-
males of the frontier would be biased due to omission
of explanatory variables. Further, it assumes that the effi-
ciency terms are identically distributed in the first step,
while this assumption is contradicted in the second step
since the regression on explanalory variables assumes
that the efficiency term is not identically distributed
(Weill, 2008).

For that reason, we are using the one-stage proce-
dure proposed by Ballese and Coelli (1995). Based on
their proposition, we are using panel data in which the
non-negative inefficiency term, 1y, has the truncated dis-
tribulion as N{u ,-;.{rj-'} wilh difTerent means for each firm.
As a result, the distributions of the inefficiency terms are
then independently but not identically distributed, since
it is expressed as a function of explanatory variables.

The analysis of invenlory lurnover consists of two
components. The first component, Equation (4), is to
estimate the stochastic frontier that serves as a bench-
mark of differences in efficiency between the firms. The
second component, Equation (5), concerns the incorpo-
ration of exogenous variables that exert an influence on
the performance of the firms.

The maodel is then specified as followed:

log(IT)

i ik
1
=+ ) BlogXiu + 3 ) ) PulogXjulogXy
7 5
+ Z ijﬂdﬂf + Z i‘}jREG: + eTimey + vip — uy
j=l j=1

(4)

where the dependent variable is the invenlory turnover
for firm 7 at time {. The X-vector is represented by the
variables GMy, Clyy, and Gy. IndC; are industry sectors,
REG; are regions, and Time;, is a time trend. &, #, £, 1
and ¢ are the estimated parameters, vy is the random noise
component, and wuy, is the inefficiency term.

4 4
wie = ko + p_ MG+ Y mMCixlog(POPy)
j=1 i=1
3
+ 3 jCHN;log(NoEy )
=1
3
+ ¥ uCHN;#Time;+
=1
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Table 5. Estimates of the translog response function.

Varlable Estimate  Std. B zwvalue  Pr = [z}
(Intercept) 23089 0207 11158 0,000 ok
loglGM) — 0041 0262  —015 087

logi{Cly 0.641 0.058 11.147 0000 P
logiG) 0670 0223 3010 0003 4
105 + log(GMF) 0206 0200 1039 0299

105 * log(CIF) 0.067 0012 5415 0,000 £t
1105 + logiG)) 0,]48 0169 0874 0382
I(logiGM} + logiCi) 0.280 0.043 6.504 0.000 —
1(logiGM]) + logiGl) 0317 0178 1.778 0075

1(logiCl) + log{Gl) —0013 0Ms 04 0.791

IndC41 0.004 0.055 0068 0046

IndC43 —0.054 0008 —0.553 0.580

IndCas —0.031 0050 —0613 0,540

IndC47 — L0 0045 —2.063 0036 *
IndC52 0.252 0232 1087 0277

IndCo8 0,584 0.0 5.793 0,000 £t
IndCi1 0.743 0,043 5.201 0,000 £t
REG1 0,405 0,063 6.461 0,000 P
REG2 0,352 0.058 6,107 0,000 p—
REG2 —0.249 0.064 3867 0.000 -
REG4 —0253 0058 4362 0.000 T
REGS —0250 0.058 4487 0.000 T
Timee —0.006 0004 1733 0083

3
+ Z ¥jCHN+log(SOAy) + ey
=l

(5)

in which MC; is the centrality of the municipality, POP;
is the population in the municipality, CHN, is the affili-
ated retail chain, NoFEj is the number of employees, SOA;
is the ratio of sales to fixed assels, and Timey is a lime
trend. &, v, r, 7, v and y are estimated parameters and
gy is a truncated zero-mean residual.

Results and discussion
Estimation of the translog response function

Through the estimation of the translog response func-
tion, we obtained estimates of the frontier defined by
observations of the best firms. Inefficiency relative to the
frontier is then estimated simultaneously for ¢ach slore.
Estimates are provided by use of maximum likelihood
on the translog response function defined in Equation
(3) and the specification of inefficiency effects as defined
in Equation (4). For this analysis, we use R (R core
team, 2020) and the Frontier package (Coelli & Hen-
ningsen, 2017) with the specifications formulated by Bat-
tese and Coelli (1995). The estimates of the translog
response function are presented in ‘Table 5.

We find estimates of the response function for logCT
(0.641) and logG (0.670) to be significantly different from
zero at the p<0.001 and p<0.01 levels, respectively.
These estimates imply that both investment in fixed assets
and growth in sales are associated with an increase in



INTERMATIONAL JOURNAL OF 5YSTEMS SCIENCE: OPERATIONS & LOGISTICS

Table &. Elasticities from the translog response function.

Mean St Err. Min Max
Gross profit margin (GM) —O. 78 0.34 —243 00
Capital Intensity (CI) (iR E 011 —0.27 0,70
Growth In sales iG) 0.32 0.08 013 0.66

inventory turnover. The squared coefficient estimates are
significant for the logCI? variable (0.067, p < 0.001) and
represent the nonlinear elasticity to scale. Furthermore,
the estimates of the interaction variables return signifi-
cant values for log(GM) # log(Cl) (.280, p = 0L001) and
forlog(GM) # log(G) (317, p < 0.1). In addition, Table 5
reports three estimates of the industry segment that
return significant values at the p < 0.05 level or higher.
This indicates that inventory turnover varies between dif-
ferent industries and verifies the necessity to control for
such firm characteristics.

To simplify the interpretation of the translog response
function, we calculate the composile elasticities. These
estimates of log(GM), log(CI) and log( &) are presented
in Table & and based on Equation (3). The estimates of
these coefficients represent elasticities, which are evalu-
ated at the mean level. We find that a one percent increase
in the pross profit margin is associated with a 0.78% lower
inventory turnover ratio. Furthermore, this table reports
that a one percent increase in capital intensity is associ-
ated with a rise in inventory turnover by 0.18%. Finally,
we identify that a one percent expansion in sales prowth
is associated with a 0.32% increase in inventory turnover.

The effects of regional variables on inventory
performance and time trend

When we estimated the translog response function in
Table 5, we controlled for regional differences. The argu-
ment for this approach rests on topography and logistic
challenges that cause large differences in the transporta-
tion distance between stores located in different regions
and hence are likely to influence the lead time at the store
level. As Table 5 shows, all of the estimates of the regional
variables (REG) are significant at the p = 0.001 level,
which implies thal geographic location affects inventory
turnover. This is in line with research on retail store pro-
ductivity, which measures regional effects on sales per
square foot of the selling area (Kumar & Karande, 2000).
As the estimales in Table 5 show, the lowest inventory
turnover ratios reported are for those stores located in
the most northern regions (REG1 and REG2). One pos-
sible explanation is the varying but generally increasing
lead times for those regions located to the north and fur-
ther away from the capital of Oslo, as the latter in many
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Table 7. Estimates of Inventory turnover Inefficlency determil-
nants.

Varlabie Estimate  5Std. B Zvalee  Pri = |z)
Z_{Intercapt) 5.641 2045 2758 0006 *x
7_MCo —5.461 2081 —2624 0009 **
Z_MC1 14734 7412 1088 0.047 *
7_MC2 0365 1981 0184 0854

M3 —3099% 2021 1978 0048 +
£_HMCO # log(POPY) 0038 0,031 1.198 0.231

7M1 # log(POPY) —2393 1128 2021 0034 ¥
£_HMC2 = log(POFY) 0632 0187 31390 0001 ks
£ HMC3 = log(POFY 0155 0057 274 0006 *#
£ HCHN_BM + logiMoE)) 0015 0052 0298 0965

£ HCHN_ XL + log(MoE)) 0.291 0.054 5407 0000 sks
Z WCHN BT +logiMoE))  —0368 0056 —6576 0000 ==
Z_HCHN_BM * Time) 0me 0013 1457 0145
Z_HCHN_ XL # Time) —0002 0009 DD 0873
Z_HCHN_BT # Time) 002 0008 3723 0000 wks
Z_HCHN_BM +log(S0A))  —0290 0112 —2601  0.009 **
Z_HCHN XL + log(S0A) 060 0070 2281 0023 *
Z_HCHN_BT # log(S0M) G 0045 1m7 o309
shgmasa 0205 0014 15121 0000 swe
Gamma 0,219 0.066 1318 0.0 T

Notes: + + +, =, +, . —significant at 0.1%, 1%, 5%, and 10%, respactively (two-
sided).

cases serves as a logistic centre in Norway. The relation-
ship between lead time and inventory levels is recognised
in the literature (Ballow, 2005; Ben-daya & Raouf, 1994;
Rumyantsev & Netessine, 2007a),

The estimates reported in Tahle 5 also indicate that a
linear time trend is present in the frontier of inventory
performance (p < 0.1). The estimate of the time coeffi-
cient indicates that the frontier of inventory performance
represented by the best performing firms is decreasing
annually by 0.6%. This is in line with previous findings
in the literature {Gaur et al., 2005; Kolias et al., 2011) and
may stem from general industry characteristics where
product assortment and variety have increased to meel
customer demands, which leads to increased levels of
inventory and lower turnover.

Inventory efficiency and environmental factors

Table 7 presents the estimates of the inventory ineffi-
ciency determinants. The model explains 21.8% of the
detected inefficiency and 20.5% of the variation within
the observed data.

Related to the main emphasis in this paper, Table ¥
shows that the environment in which the store is located
(MC) has an effect on inventory turnover. MC is a cat-
egorical variable representing how close or remote the
municipal, in which the store is localed, is to another
larger urban area. Based on the more general literature
on efficiency, which for instance suggests improved bank
efficiency when demand density and market concentra-
lion increase (Aiello & Bonanno, 2016), we expected that
inventory turnover efficiency generally improves when
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stores are located in more urban areas. However, the
estimate for MCO is significant (p < 0.01) and points lo
reduced inefficiency for the most rural areas. In con-
trast, locations in more central areas MC1 indicate lower
levels of efficiency. For the MC3 variable, which repre-
sents the most central municipalities, the estimale again
indicates better efficiency (p < 0.05). Hence, the most
remote municipalities deviate from the general trend.
There may be several reasons for this deviancy. First,
all of the municipalities embedded in this group repre-
sent small communities, and retailers in some of these
locations operate as monopolists with the accompanied

consequence of reduced service level and product vari-
ety (Hernant et al., 2007), thereby improving inventory
turnover. Second, several of the municipalities embed-
ded in this group have suffered depopulation over recent
decades and simply need to operate effectively to be able
lo run a sustainable business, avoid bankruplcy and sur-
vive, particularly with regard to inventory management,
as it is important to keep costs down and achieve financial
results (Isaksson & Seifert, 2014; Weill, 2008).

The estimates reported in Table 7 further indicate that
an increase in population (POP) in the MC1 through
MC3 variables reduces inefficiency at significant levels,
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Figure 3. Inventory turnover efficlency by population.
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but at a diminishing rate. This is in accordance with the
existing literature, which has identified that store pro-
ductivity increases with growth in population density
(Kumar & Karande, 2000).

As illustrated in Figure 3, we find that inventory effi-
ciency in general increases with an increase in the munic-
ipal population. The figure also reveals a high variation in
the data at the point of approximately 3.000 inhabitants.

In Figure 4, we plot inventory turnover efficiency by
geographical region (REG). As porlrayed, inventory effi-
ciency differs significantly among the six regions. Region
6 represents the most efficient firms, while region 3

contains the stores that are the least efficient. The most
northern region of Norway (region 1), which is the most
sparsely populated, demonstrates an inventory efficiency
that is below average. In contrast, the firms located in
region 6, which consists of the area surrounding the cap-
ital of Norway and the area that is the most densely
populated, are the most efficient. Figure 1 further implies
that the stores located in less population dense areas
are less efficient. Regions 1 through 3 have less than
10 inhabitants per square km and the stores in these
regions have all suffered the greatest decline in inventory
inefficiency.
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Figure 4. Inventory turnover efficlency by reglon.
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Figure 5. Inventory turnover efficlency by firm size.

The estimates reported in Table 7 further show that
retail chain affiliation plays an important role in explain-
ing firm inefficiency. First, the effects of firm size (NoE)
on inventory turnover are significant at the p < 0.001 level
for both XL-bygg and Byggtorgel. Both estimales indi-
cate that an increase in firm size reduces inefficiency.
These findings extend and elaborate on previous find-
ings in the literature (Gaur & Kesavan, 2009; Rumyantsev
& Netessine, 2007a) and suggest that scale effects apply
for efficiencies and vary among chains of retailers. Effec-
tive inventory management depends on updated trans-
action information (Yao & Carlson, 1999), such as the
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number of units sold and in stock, at the SKU level, and it
requires high operaling standards. In addition, inventory
record inaccuracy is a substantial problem in retail oper-
ations that can be prevented by good auditing practices
(DeHoratius & Raman, 2008). On average, high operat-
ing standards are more likely to be present in larger firms
with staff trained and dedicated to monitor, follow-up
and fine-tune inventory decisions.

Figure 5 displays the effects of firm size on efficiency,
regardless of chain affiliation. The figure suggests that
efficiency rises as firm size increases but at a diminish-
ing rate. The figure further illustrates a great variance for
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firms with fewer than approximately 20 employees and
that beyond this point, all firms have efficiency scores bet-
ter than and above 80% of the best performing firms. In
assessing efficiency for firms that employ five workers,
we find it on average to be 78.7% of the best perform-
ing firms, whereas for those employing 25 employees,
it is estimated to be approximately 90.8% of the best
performing firms,

Second, the coefficient estimate reported in Table 7 for
time trends (Time) is significant (p < 0.001) for Byggtor-
get and indicates that these stores, over time, become less
efficient.
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Figure 6 visualises the mean retail store chain efficien-
cies by year. As the figure depicts, inventory turnover effi-
ciency evolves differently over time for the retail chains
examined. The efficiency frontier for XlI-bygg is prin-
cipally steady over the time period, with only minor
changes year by year. Stores affiliated with Byggtorget
do, however, evolve in a bearish manner and indicate a
significant drop in efficiency. A decline is noted for Byg-
gmakker as well, but it is not as substantial as that for
the latter stores. Extracting the mean inventory efficiency
score by each retail chain on the two last years of obser-
vations reveals that Byggtorget underperforms Xl-bygg
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by 10.5 percentage points, A similar estimation for Byg-
gmakker relative to Xl-bypg relurns a 4.9 percenlage
point inferior efficiency score.

Differences in technology and strategy are likely expla-
nations for inventory turnover efficiency varying among
retail chains over time. Such factors may affect efficiency
at the chain level as well as at the store level. The imple-
mentation and use of technology, such as software for
resource planning, is important in running a successiul
retail store, 'To keep track of core business operations or
processes, such software aims to monitor, among others,
customer services, sales, accounting and, most impor-
tantly, inventory management. The latter focuses on fore-
casling demand, invenlory replenishment and monitor-
ing status in stock-keeping units. In recent decades, deci-
sions on software have been made by the store owner and
local management. As the increase in purchase orders
and invoices started to run through the retail chain enter-
prise, recommendations on what software to use at the
store level were generally made by chain management
or even as a single supported option. There are many
advantages to running the same software throughout all
chain stores; this is especially true when centralised sys-
tems are used. The advantages that stem from such solu-
tions may be faster and less costly transactions on orders
and invoices, improved forecasting of demand and the
possibility of adjusting prices from chain headquarters
as part of common advertising and sales campaigns or
the maintenance of product data on stock keeping unils
(SKU). Furthermore, in terms of strategic decisions, sev-
eral conditions may explain chain differences over time.
One such may be that as a main rule, terms and condi-
lions for the purchase and choice of vendors are negoli-
ated at the chain level. The added difference in purchase
volume over time substantiates the notion that larger
chains have advantages in regard to actual product price,
fast delivery, and lerms and conditions for purchasing,
for instance, more store-friendly requirements regarding
relinquishment, which underpin inventory performance.

Finally, the SOA estimates reported in Table 7 are
significant atl the p = 0.01 level for Byggmakker and al
the p < 0.05 level for XL-bygpe. However, these estimates
have different signs. An increase in SOA for Bypgmakker
reduces inefliciency, whereas it has the opposite effect
for XL-bygg. This is in line with the study of Shockley
and Turner (2015), who report a positive relationship
between firm performance and SOA, but also one that
vary considerably between different retail industry seg-
ments. Moreover, as total assets, in addition to inventory,
also include cash, accounts receivable, property, plant and
equipment, this metric encompasses several dimensions
thal can signal a firm’s eflicient operation. For instance,
the literature report a positive association is previously
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made between accounts receivable and firm profitability
{Rumyantsev & Netessine, 2007b). Some likely explana-
tions for the differences in the S0A estimales may be
connected to decisions that stem from strategy, such as
whether the plant or store is leased or owned and whether
it is listed in the balance sheet of the retail store. Similarly,
S0A may be influenced by other assels being owned,
leased or rented, such as software, shop fittings or assets
for internal materials handling, such as forklifts. Simi-
larly, cases where the delivery of goods from the store
lo the customer is an in-house service, which necessi-
tates the need for one or several trucks or vans, would
increase assets and lower the SOA measure. If, however,
hired transporters provide this service, it might slightly
increase sales and thus increase the SOA measure. Deci-
sions such as these may originate from more or less delib-
erate actions taken in regard to the moulding of strategy
or due to operational convenience. On the other hand, a
low measure of sales on assels, al least in the shorl-lerm,
may result from investments in property and plants to
support future growth ambitions.

Conclusions

In this paper, we are concerned with determining how
inventory turnover is associated with key financial fig-
ures, store- and chain-specific measures, and environ-
mental factors, with a particular emphasis on how the
environmenlt surrounding the individual firm affects elli-
ciency.

Main findings

First, to estimate efficiency scores of inventory manage-
ment, we examine two external environmental factors.
However, Lo be able lo produce unbiased elliciency esli-
mates, it is necessary to control for regional differences.
The results indicate that regional location (REG) plays
a significant role in inventory turnover ratios and that
noteworthy regional differences exist. The resulls show
lowest inventory turnover ratios for those stores located
in the most northern regions (REG1 and REGZ2). We
explain this result by pointing towards generally increas-
ing lead times for regions located further away from the
capital of Oslo, especially since the surrounding area of
Oslo often serves as a logistic hub in Norway.

The second environmental variable and the first to
contribute to explain efficiency is the calegorical vari-
able that represents municipal centrality. This variable
represents how close or remote the store is located (at
the municipal level) to another larger urban area. The
resulls indicale thal invenlory turnover efficiency dif-
fers depending on store location and generally improves
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when stores are located in more urban areas. However,
we find the most remole municipalities to deviale [rom
this general trend, as the results indicate that the stores
belonging to this group are the most efficient.

The third environmental variable is population, which
is modelled as an interaction variable with location cen-
trality. As shown from the results, inventory turnover
efficiency rises as population increases across the three
statistically significant cohorts but at a diminishing rate.
The results further indicate thal invenlory turnover effi-
ciency varies in magnitude, depending on location and
municipal centrality. An increase in market concentra-
tion and demand density supports such progress.

Economies of scale are importlant within most busi-
ness research topics and this is no less true for inventory
management. We find inventory efficiency to increase
as the number of employees rises, but also that these
elfects differ between the retail chains examined in this
paper. We conclude that scale effects apply for efficien-
cies and vary among chains of retailers, and that effec-
live inventory management requires high operating stan-
dards, which are more likely to be present in larger firms.

We find the time trend in the inventory turnover effi-
ciency to vary among the retail chains. While the mean
efficiency for one of the retail chains is principally steady
over the time period examined, with only minor changes
vear by vear, stores affiliated with the least efficient retail
chain show a significant drop in inventory efficiency over
lime. This might be a result of differences in lechnology
and strategy.

Sales over total assets less inventory (SOA) is an indi-
cator that expresses how efficiently the firm is able to
make assels generale revenue. The resulls also show thal
the retail chains examined in this paper vary greatly on
this efficiency metric. The results further suggest that
SOA has contradictory effects on inventory turnover
elliciency among the examined retail chains. Such dif-
ferences may also be attributed to decisions that stem
from strategy, such as different approaches to investing
in property and equipment,

Managerial implications

While firm-specific measures play an important role in
assessing relative inventory levels, environmental factors
cannot be neglected as a significant influence, both in the
regional setting and even from the perspective of local
markel condilions.

When using inventory turnover as a benchmark for
performance, analysts, chain and store management
should consider including environmental factors such as
the population and centrality of the municipalily of slore
location, as well as regional belonging, in the analysis.
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Similarly, these or equivalent variables should be part of
strategic planning when making decisions about product
variely and merchandise depth. In addition, such envi-
ronmental factors are found to impact decisions about
the design of central warehousing versus direct store
delivery from suppliers and vendors and solutions for
lransporlation o bring SKUs to the retail store. They
are key to reducing the lead time and its associated
variation, thereby causing uncertainty in product avail-
ability at the store level. Moreover, environmental factors
should be embedded in contract terms with suppliers
and vendors to guarantee a given service level and max-
imum lead time and variability for all chain stores. In
addition, chain management is recommended to support
store management and stafl on inventory management
and training, software programmes to improve inven-
tory control and the monitoring of inventory levels at
the SKU level, replenishment procedures and inventory
record inaccuracy.

Stores located in sparsely populated areas with a small
customer base are likely to have less product variety
and merchandise depth. This makes them vulnerable for
online competition. Such stores should have an inven-
tory policy that is agile and that makes the store able to
respond to customers’ demand in terms of ordering prod-
ucls outside the delermined assortment and returning
items to the supplier when necessary.

As traditional brick and mortar retail stores face
increased competition with online retailers, attention to
cosl and operaling performance is even more impor-
tant. Only managerial comprehension of this problem
and effective actions may avoid further impairment of
inventory turnover and thus financial performance.

Limitations and further research

As this sample of retailers represents approximately 30%
of the Norwegian home improvement and building mate-
rials industry, the claim of generalisation would be inap-
propriate. In addition, while the geographic location of
this market, with stores located in the Arctic Circle,
makes il expedient to clarify the regional and environ-
mental effects on inventory performance, such outcomes
are likely to be different from those in more densely pop-
ulated areas such as central Europe and the US, where the
effects for environmental variables may be less conclu-
sive. Even though the data include three complete retail
chains, the geographic store locations may not be repre-
sentalive of the domeslic markel, and the resulls must be
interpreted accordingly.

There are several areas where research on inventory
performance in the future can be of importance. First,
effects that stem from local market conditions such as
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the number of competitors, the level of competition and
the markel growth rale are lo some exlenl covered by
centrality and changes in population size. However, bet-
ter instruments for these measures could bring about
further insights regarding such effects. As this research
points out, there are large differences between geographic
regions, and further research is needed to unveil more
specific details about what causes these differences in
inventory performance, such as effects from long-term
demand changes, lead times and other closely relaled
logistical topics.
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ARTICLE TNFO ABSTRACT

KEywonds:
Carrying equipaet
Segmentation
Shoppdng frip
In-store behavior
Shopper efficlency

Research on in-store behavior has largely focused on shoppers with carts. In a study involving 15 stores and &
todal of 3540 shoppers, we document that only 20 percent of shoppers actually wse shopping carls, while 28
percent use baskets and 51 percent use no carrying equipment. To better understand the role of earrving
equipment, we collected data in a second study from &35 complete shopping trips using behavioral tracking
technology and systematic sampling. We show that there is important heterogeneity in in-store behavior related

Lo eguipment and thal carrying equipment is a suitable variable for segmenting shoppers, 1L is an objective and
ohservable measure that consistently explains the variance in travel distance, shopping duration, store area
coverage, walking speed, basket size, and shopper efficiency. We alao find non-equipment trips to be least
efficient, despite their popularity. The findings have implications for both resezrch and retail practices.

1. Introduction

Academic research on what shoppers actually do in supermarkets is
valuable but the handful of studics on shopper paths and in-store be-
navior 15 mostly restricted o shoppers using shopping carts with RFID
tags on them. Supermarkets and small store formats have become in-
creasingly attractive for shoppers — such as Walmart Neighborhood
Markets, Target Express, and Tesco Express (Peterson, 2015; Statista,
2018}, leading In general to less need for shopping carts or other In-
store carrying equipment. Retall speclalisis report that shoppers
worldwide generally tend to travel more frequently to grocery stores
and also that they prefer to shop at small grocery stores to a greater
extent than before (Nielsen, 2015; Scamell-Katz, 2004; Steiner, 2008).

Tev test this trend further, and (o gel more concrele fgures, we
systemalically observed 3540 shopping trips o 15 different stores in
five municipalities. Non-equipment trips represented he largest cale-
gory of shopping trips overall and was shown o be widespread across
all retaflers and refail formars as 66,67 percent of the convenience store
shopping trips involved no carrving equipment, 55.23 percent for dis-
count stores, 4625 percent for supermarkets, and 3583 percent for
hypermarkets. This poinis toward a problem as academic research on
shopper paths and grocery buying behavior is mostly based on data
from shoppers using shopping carts, meaning that short shopping trips

are lkely to be under-represented and non-cart Dehaviors ignored.
Since shoppers enfering the store withoul any carmying device have
been disregarded in earlier research, we know nothing about the be-
haviors assoclated with trips where the shopper chooses not to use any
cquipment. There is also Hmited knowledge on how trips involving a
shopping carl deviate from those involving a basket.

Our approach 1s to look at the shopping trip as the undt of analysis,
as the contribution Includes a more hollstic approach from around the
beginning (choosing carrying equipment) to the end of a typical in-store
experience (number of Items purchased at checkout). Empirical re-
search on key metrics of continuous streams of In-store behavior, such
as store area coverage, shopping duration, and basket size, has lald the
foundation for an empirically grounded shopper behavior theory
(Sorensen el al., 2007}, and has provided benchmarks for retaflers as
well as olher stakeholders o apprehend in-store markeling perfor-
mance. [n the current paper, we introduce three new behavioral me-
trics: travel distance, walking speed and shopper efficiency, in the re-
search Hterature. We argue that these three metrics contribute undque
and important insight needed to document how shoppers on non-
equipment trips behave compared fo those using either a basket or a
cart. While travel distance accounts for the shopper's effort along the
cntire shopping trip, average walking speed over the course of the
shopping trip provides wuseful insight for determining shoppers®

# Author note: This work was supported by The Teelandic Centre for Research (RANNIS, grant oo, 216001 to Valdimar Sigurdsson).

* Corresponding author.
E-mail address: nils. magnelarseni@uilno (M.M. Larsen).

hitps:#/doi.org/10.1016/j jbusres.2019.12 024

Beceived 7 February 20019; Received in revised form 13 December 2019 Accepled 14 December 20149

Available online 28 December 2019

01 48-2063,/ 8 20019 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY license

(http://creativecommons. org/licenses/BY /4.0,



MM, Larsen, et al.

allentiveness 1o in-store stimull. Shopper efliclency, which in this paper
is measured as purchases per meter travelled, complements the other
fundamental behavioral metries through its ability o acquire insight
into how well the retailer serves varlous customer segmenis in ferns of
offering them an efficlent trip. We show how such insight challenges
widely used retall practices. In particular, we challenge the general
assumpiion in the shopper marketing literature that anm increase in
shopper fime or travel distance results in more opportunities to sell. As
we argue, this depends on the shopper’s walking speed. The higher the
walking speed, the less attentive the shopper would be to in-store sti-
muli, thus leaving the retailer fewer opportunities o sell (unscen is
unsold). Our data suggest that compared to other shoppers, those on
non-equipment trips are less likely to be attentive to sdmuli on their
way to thelr in-store destinations.

Our data further show that the type of carrying equipment involved
In shopping trips should not be Ignored, nelther In practice nor In re-
search. There s Important heterogenelty related to carrying equipment
as the key shopper metrics (shopping duration, travel distance, store
area coverage, walking speed, baskel size, and shopper efflciency ) differ
across shoppers selecting different carrying equipment (no equipment,
baskel, carl). Carrying equipment is a sultable variable for segmenting
shoppers. Type of equipment involved in a shopping trip 1s an objective
and observable measure explaining a larger proportion of the varfance
in the behavioral metrics than, for instance, age and gemder, In fact, itis
the only variable in our empirical analysis tat consistently explains the
variance In key behavioral metrics. It is predictive in terms of cocurring
before the In-store behavior. 1t s therefore surprising that the cholee of
carrying equipment so far has not been used for behavioral segmenta-
Hon (see Larsen & Sigurdsson, 2010),

We find non-equipment trips to be the least efficient, despite their
popularity. This Is an Important input In the current discussion on retail
disruption because shoppers declding not to use any shopping equip-
ment might be most vulnerable to new disrupting retall formats, such as
arab-and-go stores and digital solutions, as thelr time and effort are not
well spent. We provide evidence that knowing the proportions of
shoppers selecting different types of carrying equipment (no egquip-
ment, basket, carl) can provide retailers wilh an important prediction of
fundamental shopping patierns, ransactional value, and vulnerability.
The paper is organized as follows. In the next section, we give an
overview of the relevantl Hierature, followed by a description of our
approach to data collection, measurements, and sampling. We then
present the results of our study. The last section Is concerned with
discussion, conclusions, suggestions for further research, and manage-
rial implications.

2. Carrying equipment and fundamental in-store behavioral
patlerns

Procedures for tracking In-store shopper behavior appeared In the
marketing Uterature during the 1960s. An often clted example Is
Granbols (1968), who suggested a behavioral meiric consisting of
number of Items purchased and the number of spots that the shopper
passes In the refall store. AU Orst, racking was conducted mostly by
means of researcher observationsshadowing, bul since then, behavior
tracking tools have changed immensely, with BFID tags altached to
shopping carts in combination with antennas (receplors) being (he most
popular approach for tracking in-store behavior. However, other lech-
niques have been used, such as RFID belis (e.g., Hul, Inman, Huang, &
Suher, 2013), Bluetooth tracking from shoppers’ mobile phones (e.g.,
Phua, Page, & Bogomolova, 2015), and as in this paper, video olb-
servation in combination with a tracking software, building on discrete
in-store observations of shoppers.

Larson, Bradlow, and Fader (2005) were among the first to examine
paths using the then new and exciting RFID technology on shopping
carts. The procedures and fndings were important for the establish-
ment of an empirical sclence of shopping patterns as 1t could dispel a
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mumber of old assumplions amd [olklore, Their data showed the im-
porlance of the perimeter and that shoppers rarely weaved up and
down all atsles. Shoppers tended (o make short excursions into alsles
rather than traversing the entire length, pointing to the importance of
“colder” (such as middle aisles) amd “warmer” areas (e.g., emnd-cap
displays). This underpinned the need for more academic research into
in-store marketing. Presiously, in-store travel behavior had only been
publicized from a basic foundation with applied methods in Underhill
(1999 book “Why We Buy™. Larson et al. (2005), on the other hand,
scrubinized complete paths and found, based on multivariate clustering
algorithm, that length of visit was important, leading to three clusters
for short, medium, and long trips. The Imitations found in thelr study
were, however, that it included only studying shoppers using carts and
not belng able to predict shopper clusters with an objective variable. In
this paper, we Introduce an analysis of all types of shopping trips based
on the objective cholee of carrying equipment (Including the cholce of
not using any equipment).

Our study contributes (o the Hierature on the fundamental patiermns
of in-store shopper behavior (e.g., Hul, Bradlow, and Fader, 2009b; Hul,
Fader, & Bradlow, 2009a; Hul el al., 2013; Sorensen et al.,, 2017) by
examining and confirming fundamental helerogeneily of in-slore be-
havior throughout the in-store shopping journey. To the best of our
knowledge, studies reporting in-store behavioral data by using REID, a
tracking software or in-person observation efther examine the shopping
trip involving a regular shopping cart (e.g., Hol ef al., 2009, 20000,
Larson et al., 2005 Wagner, Ebster, Eske, & Weitzl, 2014) or do not
report on the type of carrying equipment used {e.g., Hul et al., 20013
Sorensen ef al., 2007). No studies examine the behavior of non-equip-
ment users in particular and, therefore, we believe the empircal results
from this study yield relevant insight for retailers as well as other sta-
keholders. We agree with Sorensen et al. (2017) that to advance the
sclence of shopping (Underhill, 1900, 2000), it Is Important to use
several key metrics each providing its own plece to the overall puzzle.
We chose to go beyond store area coverage, shopping duratlon, and
basket size (as Introduced In paper by Sorensen et al) to Include
walking speed, in-store travel distance, and shopper eificlency, We
consider these (o be sultable metrics for an empirical sclence of shop-
ping and complementing those introduced by Sorensen et al. (2017

I the following, we review relevant Mlerature on in-store carrying
equipment and the key behavioral metrics involved in the current
study. Since there is litfle knowledge on carrying equipment and in-
store shopper Debaviors in general, we cannol derive explicit hy-
potheses from prior theory about the direction of effects for the dif-
ferent meirics.

2.1, In-store carrylng equipment

The data presented In this paper show that different types of car-
rylng equipment represent significantly different behaviors. We define
In-store carrying equipment as any device offered by the retaller
helping the shopper to convey ltems while shopping. Most store man-
agers belleve In the power of shopping baskets and carts to Increase
sales, The lterature also recognizes this power (e.q., Cochoy, 2008;
Grandelément, 2009), The most obvious resull of shoppers” choice of
carrying equipment 15 a physical constraint on the volume they can buy
(Cochoy, 2008) and thelr freedem of moevement in the store
{Bogomolova, Vorobyev, Page, & Bogomolov, 2016; Larsen, Sigundsson,
& Breivik, 2017; Van den Bergh, Heuvinck, Schellekens, & Vermeir,
2016). Shoppers with no carrying equipment can move freely but can
only buy what they can carry themselves, In line with this, the data
from The current paper show that the choice shoppers make af the store
entrance s associated with different average walking speed as well as
number of purchases,

To the best of our knowledge, only three studies report behavioral
data for more than one type of earrying equipment (Gil, Tobard, Lemlij,
Rose, & Penn, 2009; Seller & Pinna, 2017; Van den Bergh, Schmitt, &
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Warlop, 2001). GII el al. (Z2009) provide profiling data on patterns of
shopper movemenl and behavior in a supermarket, They found many
shoppers making shorl and medium trips and moving al a medium or
fast pace. A short trip movement pattern was displayed by shoppers
who tended to use baskets and not deep shopping carts, none of them
were on a main shopping mission, and they spent Hmited dme shop-
pimg. Prolonged shopping trips were mostly performed using a shopping
cart, Using data collected from RFID tracking involving both shopping
carts and baskets, Seller and Pinna (2017) examined shoppers’ search
behavior im a physical retail store. Thedr findings show that carrying a
baskel rather than pushing a shopping carl significantly decreased
search tme. Van den Bergh et al. (2011) tracked shoppers in a hy-
permarket, from entry to exit, to examine behavioral differences be-
tween shoppers pushing a shopping cart versus those carrying a basket.
They found that type of carrying equipment predicts whether a shopper
will purchase vice products at checkout or not. They also found store
visit duration to be significantly lower for basket users compared to cart
users, Despiie the limited number of studies, their resulls indicate that
in-store behavior differs contingent on the (ype of carrying equipment
shoppers use (o assist them while shopping. We recognize thal this
stream of lieralure seems o neglect the behavior of non-equipment
WSeTs,

22 Smore area coverage

Store area coverage refers to the share of the total store area that
shoppers traverse In their overall trip. The arca that shoppers cover
while shopping in a store plays an integral part in how in-store mar-
keting stimuli will be received. Understanding how shoppers shop in a
store and how they move around has been a focus for many researchers
(Granbois, 1968; Scamell-Katz, 2012; Sorensen, 2016; Sorensen et al.,
2017). Traditlonally, It was belleved that shoppers followed a metho-
dical route up and down the store alsles covering the entire store (Hul
et al., 2013; Larson et al., 2005). This s far from reality. Scamell-Katz
(2012) found that while 25 percent of shoppers clalmed they had been
through the entire store during thedr shopping trip, less than (wo per-
cent of thal group coversd more than half of the store. Sorensen el al.
(2017) found shopping trips in large slores o cover a smaller propor-
ton of the store (14% for hypermarkets) while trips (n small stores
covered a larger proportion of the store (Le., 21% for small format
stores and 30% for supermarkets). The challenges of understanding
where shoppers 2o in a store has decreased with technologles such as
RFID tags (Larson el al, 2005 Sorensen, 2016), but stll there are
challenges, Limitatdons to fxing RFID tags on carts and baskets are that
it leaves out shoppers who choose not to use any carrying cquipment,
which could be an essential proportion of the shoppers visiting the
store. Another limitation is that when shoppers leave their cart or
basket to search for something, their behavior 15 unobservable
(Sorensen et al., 2017} The shopper must hold on to the equipment at
all tmes for us to have the data needed. While technological ad-
vancements have assisted researchers In understanding how people
shop, the methodology still does not account for different shoppers and
shopping styles, possibly leading (o different resulis, As can be seen, for
instance in Sorensen el al. (2017), the same slore type, size, and counlry
can still show a large difference in siore coverage.

sorensen (2016) describes three (ypes of rips quick, All-in, and
stock up, In his book, he describes a study where 75,000 shoppers [rom
three stores were identified and categorized into these trip types. The
study found that, on average, shoppers on quick trips visited 11.2
percent of the store, whereas fill-in shoppers and stock-up shoppers
visited 21.1 percent and 41 percent of the store, respeciively. Based on
proprietary studies, Underiill (1999) found that the type of trip shop-
pers take determines thedr chodee of carrying equipment. When shop-
pers enter a store, thedr cholee of carrying cquipment, or lack thereof,
could be a descriptor of thelr trip type, but this 1s an academically
underdeveloped area.
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2.3, Shopping duradon

Shopping duration refers (o the tolal Ume spent in the store 1o
complete an individual shopping trip. Shopping duration can be used to
evaluate the level of shopper involvement (Sorensen, 20016), bul best
practice is to combine varous metrics as shopping duration can also e
related to inefficiency and shopper frustration. The time spent in the
store is, for instance, related to store area coverage (and shopping trip
type) as shown by Sorensen (2016); the more of the store visited, the
higher the average shopping duration. Fill-in trips typically satisfy more
urgent needs than stock-up trips and would thus generally involve less
effort and time commitment (Kollat and Willet, 1967). Hul, Fader, and
Bradlow (20000) further note that grocery shoppers being goal directed
(e.g. shopping with a list) probably exhibit different search behaviors
than those without a clear set of purchase goals. Time pressure may also
play a role in trip duration (Larsen & Sigurdsson, 2019), forcing the
shopper to shop more productively, buylng more ltems In less time
(Bogomolova el al., 2016). Therefore, shopping trips involving the same
proportion of the tolal store area can be quibe different in terms of
shopping duration. Combining store area coverage and shopping
duration can as such give more detailed insights into shopping behavior
— classifying shoppers as elther “walkers” or more active shoppers based
o the time they spend in varlous store areas (see a discussion of active
shopping in Sorensen, 2016}

Like store area coverage, the infroduction of technology such as
RFID has made studying this metric all the easier. As mentioned earlier,
applying such technology enabled Larson ef al. (2005) to link trip
duration to paths traveled in the store, finding that shoppers on shorter
trips travel along the perimeter of the store and in the quick-con-
vendence arcas. Store layout, specifically the dominant path, can affect
trip duration. Stores like Costeo with thelr large dominant paths are
capable of retalning shoppers In the stores for a long perlod of time as
compared to stores that have many pathway optlons (Sorensen, 2016

2.4, Travel distance

Travel distance can be deflned as the length of the shopper®s actual
path in the store measured in lerms of feel or meters, This 15 a metric
that Hul et al. (2013) recently have used Lo study the effects of in-store
path length on unplanned spending. Hul el al. (2000:3) also use data on
In-store travel to measure shoppers' ravel deviations from the most
optimal path (based on {fems the shopper actually purchase). Beyond
this, few studies measure in-store travel distance, the main reason
peing, according to Hul et al. (2013), the difficulty of measuring path
lemgth. Rescarchers have concentrated on behavior that is easier to
measure and correlate with path length. For instance, Granbods (1068)
used number of aisles passed, while Sorensen et al. (2017) focus on
store coverage as a proxy for path length. Although travel distance
shares some similarity with area coverage, It does not replace It as a
metric. Rather it complements [t While area coverage glves a per-
spective on how large a share of the total store area that a shopper
visits, travel length demonstrates the extent of walking during the
shopping trip. Disclosing only area coverage 15 nol enough Lo aceount
for a shopper's enlire movements during the trip. Shoppers may visit
Lhe same area several Umes, or walk up and down some alsles in search
of an item. Thus, travel distance reveals patterns thal might be hidden
in the rougher measure of area coverage. Although both metrics have
peen used to measure product exposure during a specific shopping trip,
Hul ef al. (2013) suggest that travel distance 15 a befter measure of
product exposure,

25, Walking speed

Walking speed 15 the distance covered during a certain period di-
vided by the time taken to cover that particular distance. The three
behavioral metrics discussed so far (store arca coverage, shopping
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duration, and travel distance) are all proxies for the extent (o which
shoppers are exposed Lo in-store stimuli along their shopping trip (e.g.,
product displays amd in-store communication). However, visiting a
store area is nol the same as being influenced by stmuli in that area. A
visit s an important prerequisite for influence; but for stmull to trigger
unrecognized needs and desires, or to trigger recollection of forgotten
needs, requires the shopper's attention (Inman, Winer, & Ferraro,
20097, It 15 well known that shoppers spend a large proportion of their
shopping time on intra-store travelling, visiting various store sections,
where the perimeter serves as the main thoroughfare {Larson e al.,
2005). We know only little about how much of this is “transit travel”
where the shopper is Just crossing to other store areas, walking faster
(Larson et al., 2005}, and is less likely to spend dme shopping (Hul,
Bradlow, & Fader, 2009c). Further, shoppers that percelve time pres-
sure show less search activity In the store (Beatty & Smith, 1087);
search tme (In front of shelves) has also been found to be negatively
correlated with average walking speed over the course of the shopping
rip (Seller & Pinna, 2017). Time pressured shoppers focus on gelting o
the store areas thal carry categories thal they plan o buy (Hul et al.,
2000¢c), walking faster than normally (Helbing, Molodr, Farkas, &
Bolay, 2001). As Seller and Pinna (2017) argue, speed closely reflects a
shopper in a hurry. Researchers and retailers have taken for granted
that store area coverage and travel distance pay off in terms of un-
planned purchases (Sorensen, 2016), This might prove to be correct for
some Types of shoppers using carts (the typical sulject in shopper re-
search), who might be on a stock-up mission (see Hul et al., 2000c;
Kollat & Willett, 1967). The lterature shows that walking speed Is re-
lated to the cholee of carrying equipment (Seiler & Pinna, 2007; Gil
ef al., 2000}, Shoppers can “vislt™ many areas without actually per-
ceiving much. Higher pace reduces the number of products that can be
fixated In a given alsle, which affects the lkelihood of making un-
planned purchases. Average walking pace must be taken Into account
along with the other key metrics to better understand shoppers’ search
activity and attentiveness to stimull along the entire in-store path. The
meirics therefore make more sense when combined rather than con-
sidered 1n 1solaticn,

2.6, Dasket size

Baskel size is the tolal number of ilems thal the shopper purchases
on a given shopping trip, Basket size 15 a key indicator for success when
it comes to retall marketing performance. Shoppers' goals affect in-store
behavior (Bell, Corsten, & Knox, 2011; Kollat and Willet, 1967) and trip
fype and basket size tend to 2o hand in hand, Therefore, the increasing
practice of quick trips has entalled deereased basket sizes. Most shop-
ping trips end in fewer items purchased than ever before (Sorensen
efal., 20017} This trend has made more shoppers refrain from using any
kind of carrying equipment enabling quick entry and exit (Larsen et al.,
2017}, Cultural differences also come Into play when It comes to basket
slze. Some countries have a dally-shopping, quick-trip culture, while
others may be more Inclined towards stock-up trips — each with very
different basket sizes and therefore carrylng equipment needs (Scamell-
Katz, 2012). There is a need for a clear and objective classification of
shoppers — possibly based on the objective measure of cholee of car-

rying equipment.
L7, Shopper efficlency

The term efflclency is generally assoclated with the ability o ac-
complish something with the least waste of tme and effort (Atkins &
Kim, 2012). Time and efforl are non-monelary sacrifices consumers
must make in the exchange with the retailer and that affect shoppers®
percelved value (Inman & Nikolova, 2017). From this perspective,
shopper efficiency refers to consumers” actual performance compared
with what they can achieve with the same consumption of non-mone-
tary resources. Shoppers would as such be more efficient if they solved
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A given shopping task using less inpul in lerms of shopper seconds
(Sorensen, 2000, 2016, Bogomolova et al., 2016) or in-store travel
(Larsen, Sigurdsson, Breivik, Fagersirgm, & Foxall, 2019). The tm-
portance of efficlency has increased in shopping situations (Davis &
Hodges, 2012), resuliing in consumers demanding more convenience
and effort-saving solutions from retailers (Mielsen, , 2014), From a re-
tailer perspective, research Indicates that shopper efficlency has a po-
sitive association with total store sales (Sorensen, 2009),

Prior literature examines efficiency either from a per dollar/item
perspective (Bogomolova et al., 2016; Sorensen, 2000; Davis and Bell,
1991} or from a path perspective (Hui ef al., 2009a). To date the per-
dollar/tem perspective draws exclusively on shopping duration as the
non-monetary sacrifice. Sorensen (2000) uses observations of more
than 100,000 shopping trips In the United States to examine the re-
lationship between seconds per dollar (how fast shoppers spend) and
store sales. Davies and Bell (1991) examine average expenditure per
minute and the average number of (tems purchased per minute over the
entire shopping trip. Bogomolova et al. (2016) propose an approach in
measuring shopper efficiency that includes a “per-item shopping dme™
measure focused specifically on the purchasing tasks in the store (Lhe
lime spent purchasing one ilem, including approaching the shelf, con-
sidering avallable options and making the purchasing decision), On the
other hand, the path perspective involves a greater focus on “excessive
walking”, such as deviances from the most optimal in-store path,
leading o more walking (more effort) than necessary o acquire the
items wanted. For instance, Hol et al. (2009a) compare consumers’
actual in-store path with the most efficient path based on ftems of the
purchase,

Better aceess to in-store behavioral data, such as travel distance, has
opened up new opportunities in measuring shopper efficiency. Since
travel distance reflects the number of feet/meters the shopper travels In
the store to acquire items, It accounts for the shopper's effort along the
entire shopping (rip compared to shopping duration In a better way.
Travel distance 15 also less sensitive to In-store behaviors not related to
acquinng Items, such as when shoppers stop to spend time chatting
wilh other shoppers or on the phone (see Larsen el al. [2017] for a
calegorization of basic behaviors occurring in a retail store). Finally,
certain types of carrying equipment, shopping carts in particular, de-
celerate shoppers delaying those who want (o shop as [ast as possible
(Larsen el al., 2017; Larsen & Sigurdsson, 2019). Type of carrying
equipment involved in a shopping tip may therefore influence fme-
based efficlency measures directly, while having no direct effect on
measures based on travel distance, Travel distance is therefore a more
walid replacement for shopping duration in the efficiency equation.
Although the present knowledze on how travel distance-based shopper
cfficiency should be measured is Hmibed, it is logical to connect in-store
travel distance with basker size (c.g. purchases per feet/meter travelled
o distance travelled per ftem purchased). This would Indicaie how
efficlent each feet/meter travelled Is for the shopper.

3. Method
A1, Suudy 1

In order to determine the prevalence of non-equipment trips in
grocery relalling, the objective of Study 1 was (o examine, across dif-
ferent grocery slores, store formals, and grocery segments, the pro-
portion of shoppers selecting either a shopping cart or a baskel when
entering the store, This study was conducted in three cities and two
communities in Norway and included 15 grocery stores belonging fo
different retaflers, retail formars and retail chains. 240 observations
were made at the entrance of each store, and the observations were
distributed equally  between  three  time  slots  (08:00-10:00;
10:30-12:30; 15:00-17:00) and equally between Monday, Wednesday,
Friday and Saturday.

The total sample consisted of 3540 observations. Using a systematic
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sampling process, we chose a random starting podnt and then pleked
every filth shopper enlering the store for our sample (Malholra & Birks,
Z2007:416), For each grovery store, we checked the avallability of dif-
ferent types of carrying equipment (carts and baskets) and whether or
not the store had cart locks. We used a structured observation guide,

22 Smdy 2

Research obfective. The objective of Study 2 was to examine entire
shopping trips in a typical grocery store to determine how non-equip-
ment irips differ from trips involving either a basket or a shopping cart
on key behavioral metrics.

Dara and dara collection method. We collected data from one major
retall chain soft discount store during the perlod of March to October
2016. The store was located in a suburban area of a Norwegian city. The
store had a sales area of approximately 1200 m®, it carred an assort-
ment of 5500 stock-kept units (SKU) and 1ts layout resembled that of
most other supermarkets of this size. We used a system of Wi-Fi cameras
and tracking software lo collect in-store behavioral data from in-
dividual shopping trips. The cameras covered the enlire sales area and
were used Lo observe shoppers' movements in the slore and where and
when shoppers picked an item from a shelf or a display. Shoppers* arm
and hand motlons reveal much information about thedr interaction with
items and the purchase of {tems (Liu, Gu, & Kamijo, 20017). In our study,
an item purchase 15 an item observed, plcked by the shopper from a
display or a shelf and not returned to the display/shelf. We applied the
same tracking software and procedures as Larsen et al. (20017). The
interface of the tracking software represented the store layout but was
down-scaled to fit a computer screen. The pattern of movement and
item pick-ups were fed into the tracking software in real time. We refer
to Larsen et al. (2017) for detalls on the functionality and Interface of
this software, which type of data It registers automatically, and the
procedures for feeding real-time observational data Inte the software.
The advantage of camera-based observations In combination with
tracking software Is that shoppers’ natural shopping experience Is un-
interrupied since there are no interventions during the shopping trip.

Targeted shoppers' entire shopping trips were observed, one-by-one,
from their point of entry and all the way (o the checkoul. Eniry dme
was marked by Lthe shopper picking up an in-store carrying equipment
[or choosing nol to use one) and erossing a predeflned spol al the be-
ainning of the shopping wip. We used two predefined entry points, one
at the maln entrance that most shoppers cross o approach the frst 2one
displaying items, and a second at the checkout for those shoppers taking
a shortcul through the space Detween (he cash registers, Our exii iime
meastre was the exact moment when a shopper would place the first
item on the checkout belt (If there s no quewe), or the moment when
the shopper joined the queue. This excludes tme spent queding (which
depends on whether there 15 a queue or not), and time at the checkout
Involving barcode scanning, which is dependent on basket slze (see
Bogomolova et al., 20016). While a system consisting of RFID tags (on
baskets and/or shopping carts) and antennas Is unable to perfectly
Identify the start and end of every shopping trip (Hul et al., 2009¢} and
caplures data only from equipment users, our approach overcomes
these shorlcomings.

We fed demographic data (gender and age) and the shopper’s cholee
of carrving equipment inlo the tracking software immediately after the
completion of the shopping trp. Two researchers were involved in
racking each of the shopping rips. As shopper interventions were
preciuded, we esdmated age and gender based on visual inspection of
the real-time images provided by the Wi-Fi cameras; we particularly
serulinized the shoppers' face, halr and body shape,

Dependent variobles. The entire store was divided into 85 store areas
based on product categories. We operationalized travel duration as the
Hme it takes to complete the shopping trip, from the point of entry to
the exit point (measured In minutes). Travel distance was oper-
ationalized as the number of meters travelled from the point of entry to
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Lhe exil poinl. Siore area coverage was operationalized as the number
of store areas visiled divided by total number of store areas, Walking
speed (meler per second) was operationalized as travel distance divided
by shopping duration {converted into seconds), and baskel size was
operationalized as number of purchased {tems from the podnt of entry fo
ihe exit point. Finally, shopper efficlency was operationalized as basket
size divided by travel distance.

Independent/control variables. Age, carrying equipment, type of
shopper, shopping peried and shopping tme are dummy varables. We
categorized age Into seven age groups, and carrying equipment into
three types (no equipment, a basket or a shopping cart). The basker type
Include shoppers using either a small hand-held basket or a larger
basket with wheels. Four types of shoppers are predefined in the
tracking software: male, female, family or group. Thus, gender only
applies to Individual shoppers In the dataset. Shopping perlod refers to
weekday or weekend, where weekend reflects the period from Friday at
12:00 and throughout Saturday (store Is closed on Sunday). Finally, we
split shopping tme into peak and off peak shopping Ume, where peak
shopping Ume represents the perfod from 1200 until 18:00, whereas
Lhe remaining opening hours represents off-peak shopping Wme,

Sampling approach. We splil the opening hours as well as weekdays
and weekends into sirata, amd we used the siore’s entire traffic patiern
for February of 2016 (derived from a trafic counter we placed at the
entrance) to defermine the total number of shopping trips to target in
each strata (proportionate stratified sampling), We designed a plan for
the data collection, including which strata to target when. The selecHon
of shoppers for tracking (within a selected strata) was based on the rule
of choosing every fifth shopper entering the store. We tracked a total of
635 shopping trips, 522 of which were individual shoppers (272 male
and 250 female). We used a sign at the entrance of the store to inform
shoppers about observational activitles Involving the use of WiI-FI
cameras, and we notified the appropriate authorities prior to the study.

4. Data analysis

This section reports on the results from the two studies separately.
‘We start by presenting shoppers’ carrying equipment cholce frequencies
based on data from Study 1. Then, we present the results of Study 2. By
means of several sets of linear regressions, we offer further Insight into
fundamental behaviors connected to type of carrying equipment.

4.1. Resulis — Srudy 1

Study 1 was conducted to detect how widespread non-equipment
trips are In grocery retalling. The results from In-person observations at
15 stores of different retall formats are shown In Table 1. We have also
added comparable statistics from our Study 2 to this table. Note that

Table 1
Shoppers’ choice of carrying equipment across retailers and store formars,
Carrying equipaet
Res] format No equipment  Rasket Cart Total
Convenlence shore 290 o) 7 480
G 67 18.75% 14.58% 100
Discount stose 1295 70 404 2580
50, E3% 30,62% 10,15% 100
Suparmarket 111 B4 45 240
46.75% 35.00% 18.75% 100%
Hypennarked 86 41 113 240
Total 35.63% 1812 17.08% A7.08% TE2  100%
51.21% 1005 20, 40r% 3540
T 390 100%
Srudy 2 (A discount 270 252 113 635
slore)
42.52% 39.63% 17.80% 100%
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two of the stores in Study 1, one discount store and the hypermarket,
had carl locks, These two slores represent 13.5 percent of all observa-
Hons in Study 1.

As shown in Table 1, shoppers' most frequent cholce in three out of
four retail formars is no equipment. Although the most frequent cholee
in hypermarkels 15 a shopping cart, the data demonstrate that non-
equipment and baskel use alse 15 rather common,

4.2, Results study 2

4.2 1. Carrying equipmens and In-store behavior

Frequency statistics reported in Appendix 1 show sample char-
acteristics by cholce of carrying equipment. OF the 635 shopping trips
studied, 42.5 percent involve no carrying equipment, while 39.7 per-
cent and 17.8 percent of the trips Involve a basket or a shopplng cart,
respectively. For the 522 shopping trips carfed out by Individual
shoppers only, 43.9 percent of the trips Involve no equipment, while
40.8 percent involve a baskel and 15.3 percent involve a shopping carl.

Table 2 reports average statistics on the six key behavioral metrics
(See Appendix 2 for a correlation mairix). The data in Table 2 indicate
that the key behaviors vary widely by chodce of carrying equipment. As
an example, average walking speed doubles for non-equipment users
relative to those using a cart. Further, the data indicate that shopping
duration i5 more than four times longer for cart users relative toe non-
equipment users. Moreover, Siore area coverage for carl users is about
double that of non-cquipment users.

To examine the heterogencity of key in-store behaviors, we per-
formed linear regressions using OLS. The independent variables were
aender, age, type of carrying equipment {Including no equipment),
basket size (but not included where it 1s modeled as the dependent
variable), shopping peried (weekday or weekend) and shopping tme
(peak/off peak). Model development and decision on the model em-
ployed were based on best overall fit assessed by Akalke Information
criterion (AIC) and Schwartz Criterton (BIC) on the behavioral metries.
Due to heterogenelty In the estimated models, we report robust stan-
dard errors based on the Huber/While estimate of varfance, In this
analysis, families and groups are disregarded as classifying them
through ebservalion is inflicted with polential for bias; therefore only
cases Involving individual shoppers are included. In addition, one ob-
servalion is removed based on measures of leverage assessed by
DFBETA and Cook's I, Thus, the final sample consists of 82 percent of
the tofal sample, or 521 complete shopping trips. Table 3 reports un-
standardized regression estimates for the five dependent varfables re-
presenting the key Dehavioral meirics. We have tested for mulii-colli-
nearity by calculating the variance inflation factor (VIF) and find the
levels to be below the frequently used threshold of 5.

To ease interpretation of the esimated coefficients, the constant
term of the linear regressions reported in Table 2 has been suppressed
Into the coefficlents representing no equipment. Thus, the coefficients
for no carrylng equipment represent values with reference to the
baseline for the control variables: age, gender, shopping pertod, shop-
ping tme, and zero purchases (regression 1 through 4 in Table 3).

The OLS results indicate that carl users, baskel users amd non-
equipment users exhibil different in-store behaviors, Our eslimales
demonsirale thal shopping duration, walking speed, travel distance,
store area coverage, and baskel size (number of {tems purchased), all
returmn significant coefficients for all categories of carmrying equipment.
In addiiion, tesis of joint equality in carrying equipmeni coefficlents
indicate these to e different from each other for all specified models Cat
p o= 0.01, while p = 0,05 for shopping duration). The importance of
carrying equipment in explaining the variance in e in-store Dehaviors
is further substantiated by tests implying that removing carrying
cquipment would reduce R-square and increase AIC/BIC. This implies
that carrying equipment enhances model fit beyvond what may be in-
ferred from demographics, shopping perlod and shopping time alone.

Further inspection of Table 3 implies differential effects of age and
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gender on the behavioral metres, For instance, age and gender are nol
significantly related (o travel distance, and only gender (p = 0.001)
and the oldest age category (p <= 0.01) are assoclaled with shopplng
duration. Walking speed refers to number of mefers covered per second,
representing the shopper's average walking speed throughout the
shopping trip. Qur estimates demonstrate that walking speed decreases
when choosing a basket; a further decrease happens when using a
shopping cart, both relative to no equipment. Further, the estimates
Imply that increased age 1s associated with lower walking speed and
that the walking speed of females 1s slower than that of men.

Our estimates further suggest that weekend shopping 1s Hinked o
area coverage (p < 0.05), indicating that in this period shoppers visit a
smaller percentage of the total number of store arcas. Moreover,
weekend shopping trips seem to include more items as basket size In-
creases by 0.97 units on average. Further, peak-hour shopping Impacts
area coverage (p < 0.01) by an average of 1.26 percent Increase In
store areas visited.

The estimated models vary in explaining the varance in the ob-
served data, ranging from 73.8 percent o 94.0 percentl. Choice of car-
ying equipment logether with baskel size are the only explanalory
variables among those lested that consistently contribule o explaining
the variance of the five behavioral metrics, This research does not study
causality buf shows instead that carrving equipment, age, gender,
weekend shopping, and peak hour control for and can be used fo cap-
mire the heferogenedty in the Key bebavioral metrics, suitable for be-
havioral segmentation and new managerial insights.

We also conducted OLS estimations with robust errors fo extract
coefficient estimates on in-store shopper efficlency. We measured in-
store shopper efficiency as basket size divided by travel distance, which
cxpresses how efficlent the shopper is in terms of purchases per meter
travelled. Table 4 reports the regression estimates. Similar to Table 3,
the constant term in Table 4 has been suppressed Into the coefflclent
representing no equipment.

The unstandardized regression estimates reported In Table 4 In-
dicate that shopping trips Involving a cart, a basket or no equipment, on
average, exhibil a significant association (p = 0.001) with in-store
shopper efficlency. The coefflclent estimates imply thal non-equipment
Irips are the least efMicient, while shopping trips involving a carl are
most efflcient. Table 4 further indicates thal eficiency decreases with
the increase of shoppers” age, while neither weekend, peak shopping
howirs, nor gender are related to better or poorer shopper efficiency.,

5. Discuszion, conclusions and managerial implications

In this section, we first discuss the key findings related to carrving
equipment for each behavioral metric. This Is followed by a short dis-
cussion of the control varlables, We then present the main conclusions
before discussing managerial implications and lmitations.

5.1, Discussion

5.0.1. Swmre area coverage

Store area coverage was 19.62 percent on average. This Is similar to
the findings on store coverage presented In Sorensen et al. (2017,
where they found that shoppers covered 21 percent of the small store
formats. Sorensen et al. (2017) have shown that most shoppers tend to
cover a small proportion of the store, and thal they shop quickly and
only purchase a few ltems. The current research can be classified in a

! Their smaller store formats consist of 200-300 m®, while our store is a soft
diseount store, located in Morway and around 1200 m®. Sorensen et al. (2017)
have shown that findings tend to generalize between countries (USA, UK,
China, and Australia), most store formals (supermarkets, hypermarkets, con-
wenilence, and specialty stores), and store sizes (from 200 m* to 19.000 m®). We
here add to that generalization.
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Table 2
Deseriptive statistics of in-store behavier by choice of carrying equd pment.
Variable Ne equipment Pesht cart owerall
Mean S1d. Dev. Mean Sid. Dew. Mean St Dev. Mean St Dev.
Average walking spesd (m/s) 060 0.27 0.45 w17 0.30 011 0.49 0.24
Travel distance {m) 94,95 4305 159.38 63.29 21438 103,07 14177 Fo.0%
Shopping duration (min) 130 2.25 705 4.19 13.43 845 6.59 5.90
Basked siae i 1.41 G558 361 14,00 a1 6,06 6,15
STOre aren coverage (%) 14.23 572 22.04 618 7.12 772 19.62 B.02
Shopqer efficiency 0026 0.015 0.042 [TE 0.065 0027 0.0 0.024
N il 252 113 635
Table 3
In-store belavior estimates.
Dirpeiilenil varianhe Shogping deration {min) Walking specd (mes) Travie] dHstanocs {m) ATe covesage (%) Baskel s
COmytig equipien
Mo equipment 1.452 (201} b 0768 (12.66) *** TFA62 {B.20) 1157 [9.99) 1039 [ROE) b
Rasket b (2.75) = NETS (10.56)  *** 9830 (B.68) AR -1 71 (1189 *** 5562 (1105 Mt
carl 2673 (330 e 0,651 [9.55) e 7EID {5.48) eoqas] (B.66) oja7a (1204) 4
Age
020"
2130 -05F8 (-1.02) —0066  [—1.08) —B119  [-0.74) 0.189 [0.15) 1.128 {2.59) b
3140 —0.441  (—0.78) —0.108 (174} -11.13  {-1.02) —0315  (-0.24) 0602 {1.20)
41-50 017 {—0.28) 0110 [ 1.800 1410 {-0.13) 1,004 {0.77) 0924 {1.66)
51-60 —001E  (—0.03) -0132 (211} * —4.434  [-037) 0406 (0.30) —0.603  {—1.15)
G170 104 (1.82) 0168 (2o *F 5.842  (-0.53) 0.2 (023} 0e7e  (-1.24)
1+ 2704 (3.01) - —0240  (—35 Y 2115 {1.43) 1.918 (261} 1850 (-1.95)
Gender
Ml
Fetmike 05590 (3.78) e —0091F  [—A97) Y —0AESs (—009) 00963 (0.20) 0225 {0.62)
Basked o 0,632 (14.08) e —00108  [—551) Y 0661 {14.16)  ***  0ETE [14.3m) e
Shopping period
Woekiday'
Waekend —0EM (—1.38) 0.03ES (1.82) —6A475  [—1.45) —1078  (-229) ¢ 0963 {2.26) o
Shopping tims
OFF peak!
Pailk 0187 0r) 0.0043 [0.24) 8.581 {2.01) * 1.254 (270} o ps1y 1.39)
R¥/ad).R*Prob = F 0865 0851 0BG 0856 g 0.503 o pad0 0.938 et 0738 0732 e
ATC/BIC 26082 263G 1405 94,1 BRIAD 55043 32047 32601 HFE 024G

fpos 005 TR o= 0L YR o= 0000, ' = Dase, ©SEISO0S 0 parenibesis, N = 521, OLS will mims eorors

similar vein, working on the empirical generalization of in-store shop-
ping behavior contrary to armchair theorizing. Our resulis are in the
same direction for short trips, and we operationalize them as “non-
cquipment” shopping to avold any possible tautology or forced out-
comes (“small trips leading to small shopping™). While Sorensen et al.
[2017) focused on store area coverage between different store formats
and store sizes, the current study demonstrates that there are also lm-
portant differences between shopping trips within a store, where cholee
of carrying equipment can be used as a behavioral segmentation. Our
resulls showed thal the largest consumer group, non-equipment shop-
pers representing 42.52 percent of the tolal number of shoppers, only
visited on average 14.223 percent of the store, meaning that the largest
consumer group did not visit over 85 percent of the total store area. The
other types of shopping trips cover more of the store Dut still {gnore
most of the areas. Those using a baskel covered on average 22.04
percent, and the smallest segment, cart users covered on average 27,12
percent of the store, implying that most of the store 5 currently {rre-
levant to the shopper, with no opportunity to sell. This adds to the
literature and managerial discussion on the recent changes happening
in shopping trips and paths and has clear implications for the literature
on shopper behavior and the possible contribution of In-store mar-
keting. Larson ef al. (2005) introduced the expediency of equipping
shopping carts with RFID tags for shopper research. They profiled
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shopping paths based on zones visited and showed, confrary to con-
ventional wisdom, that shoppers did not tend to weave up and down
the aisles. The current research adds data on non-cquipment use and
shows that the use of carrying equipment can also be used o profile
different shopping wips as the findings generalize across the In-store
behavioral metries, including store area coverage. Data on shopping
trips not Involving any carrying equipment are valuable as they have
been serlously underrepresented In previous studles,

S1.2. Shopping duration

The average shopping duration was 6.59 min, a finding that is in
line with many retall specialists reporting decreased store-shopping
willlngness and Increased emphasis on “grab amnd go” shopping
(Nielsen, 2015; Scamell-Katz, 2004; Steiner, 2018). This average
shopping duration 1s similar o the mean value Sorensen i al, (2017)
reporied for small format stores (5 min) and the main conclusions are
[he same, Mm{ruan the main contributions are on a different level, our
resulls also show thal most shopping trips are short, Sorensen el al.
(2017) show an inter-store heterogeneity of key behavioral measures,
while the current rescarch reveals Intra-store heterogeneity based on
shoppers use of carrying equipment during the consumer journey. This
15 an important addition to the literature as the limited research on how
shoppers actually act in stores in terms of shopper paths and in-store
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Table 4
Shopper efficiency estimates,
Deperndent variable Shopper efflckmey (Basket size Travel distanee)
Carrying equipmedit
Mo equipment 0.020% {B.25) e
Basket 00364 {12.35) .
Cart 00611 {14.02) s
Age
020"
21-30 000924 {3.25) "
3140 000676 {2300 .
41-50 000482 {1.66)
51-60 0.000335 {0.10)
G1-70 25 = 0.40)
T+ — 00106 {—2.79) *
Garter
Mk
Female 0000348 {0.21)
Shopping period
Weskday'
Weekend 0.00265 {1.52)
Shoppang L
(T peak’
Peak 00011 {0.63)
R'vad). R Prob = F 0,628 0,624 b
ATC/RIC — 6534 — 26024

Ypoe 005 TR o< 0, MY e 00Dl ' — Dase, Tstatistics 0 parenibesis,
N = 521, OLS with robust errors

behaviors has mostly been restricted (o shoppers using shopplng carts
fitted with RFID tags, This can lead (o a significant overestimation of
shopping fime, under-representation of short shopping trips and un-
awareness of instances during the shopping trip when the carrying
equipment 15 not actively used, or when it is not used at all, Larsen,
Bradlow and Fader (2005), for instance, noted that the data included a
number of long shopping paths (up to & h) that most lkely did not
consist of actual shopping behavier. As a consequence, they excluded
all paths lasting more than two hours. The current findings reveal
substantial differences in shopping duration based on the shoppers'
cholce of carrying equipment. Shopping trips Involving no carrying
equipment lasted on average 3.30 min, while those Involving elther a
basket or a cart took on average 7.05 min and 13.43 min to complete,
respectively. These resulis support previous research fndings pointing
towards shorter duration for trips Involving baskets rather than carts
(Van den Bergh et al., 2011; Gil et al., 2009). Larsen and Sigunrdsson
(2019) put forward a conceplual framework on research on in-store
carrying equipment in terms of anlecedentls and consequences. Their
lterature review reveals (hal consumers have a “shopping dme
Dudget™”, where avallable time and the opportunity cost of tme could be
linked to the choice of carrying equipment, taking retallers from psy-
chographics over [0 a more manageatle segmentation through a simple
behavioral cholee, Furthermore, the current research adds to the Mi-
eratiure in terms of data on the most frequent and quickest shopping
trips: those performed without any carrving equipment.

& 1.3 Travel distance

The average travel distance for all shopping trips was 141,77 m. The
findings demonsirate thal carrving equipment 15 assoclated with how
many meters shoppers cover. While non-equipment users travelled on
average a distance of 94,95 m, basket users and cart users travelled on
average 159,38 m and 214.38 m, respectively. This suggests thal non-
equipment users take shorfer trips within the store compared o both
basket and cart users, which Imits thelr exposure (opportunity to see)
to in-store stimull. Although there is some evidence In the literature
suggesting that shoppers on shorter rips use more baskeis while those
on longer trips mostly use a shopping cart (e.g., Gil et al., 2009), the
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current study 15 the frst (o systematically examine how shoppers” actual
travel distance is linked with type of carrying equipment. Besides
providing meaningiul information on shoppers’ exposure (o products,
travel distance also provides valuable inpul to the shopper efficlency
equation,

5.1.4. Walking speed

Walking speed 15 a relevant behavioral mefric because increased
pace can have a negative effect on shoppers” attentlon to sdmuli along
thedr in-store paths. The average walking speed for all 635 observations
was (.49 m per second (m/ss), and the analvsis shows that carrving
cquipment is associated with average walking speed over the course of
the entire shopping trip. Non-equipment users walked on average twice
as fast as shoppers pushing a shopping cart (0.60 m/s versus 0.30 m/s),
and basket users had a pace In between (0.45 m/s). One explanation for
non-equipment users walking fastest could be that thelr passage
through the store 15 less Impeded (Larsen et al., 20017; Wagner et al.,
2004), amd that they are less Hkely (o spend time searching. For in-
stance, due (o the size of a shopping carl, carl users tend o be deac-
celeraled when maneuvering it in the store, such as when lurndng
corners, due Lo the worry of bumping inte other carls or shoppers, Carl
users can also easily get siuck Dehimd oiher carf-users and thus, €x-
perfence a slower pace in parts of their shopping trip (Larsen ef al.,
2017}, Seller and Pina (2017) show that basket users are less Hkely to
search than cart users and that they as such exhibil a higher average
walking specd. Following those lines, non-equipment users are even less
likely to be on the lookout for products. They know exactly which fow
items they want, In which areas these are placed, and they have no
carrying equipment slowing them down on thelr beeline to these fow
Ttems. Our findings are in line with the few studies displaying data on
how shoppers with baskets and carts deviate In terms of walking speed
(Sedler & Pinna, 2017; Gil et al., 2000}, and we contribute to this scarce

literature by adding Insights on non-equipment users In this respect.

5.1.5. Basket size

The average basked slze across the 635 shopping trips was 6.06
{tems, which reflecls the presence of many shopping irips where
shoppers purchase a relatively small number of {tems, This is in Hne
wilh Sorensen el al. C20017) who foumnd a consistent pattern across for-
mals and countries involving fewer than len purchased ilems on most
shopplng trips. Our fAindings also peint to considerable differences in
average baskel size when shopping trips are segmented on the basis of
carying equipment, The largest group, non-equipment shoppers, pur-
chased on average 2.21 items, meaning hat most shoppers only bought
a few items. On the other hand, shoppers cartying a basket or pushing a
cart purchased on average 6.58 items and 14.06 {tems, respectively.
The large group of non-equipment shoppers with imited basker sizes
challenges existing retail principles, including store lavout and in-store
tactics to Increase unplanned purchases.

5.1.6. Shopper effictency

Our data show that non-equipment shoppers have the lowest effi-
clency amonyg all shoppers in terms of purchases per meler (p/m) ra-
velled (0.026 p/m for non-equipment trips, 0.042 p/m for baskel users
and 0.065 p/m for cart users, on average). We attribuie this mainly o
store layoul, which follows design principles thal mosi grocery slores
have drawn on for decades (see Granbols, 1968), The characteristics are
A grid layout with a main thoroughfare on the outside edge of the alsles
and popular product categories located around the store to encourage
consumers to walk longer distances and thereby to pass many other
products on their way. Such a slore layoul forces non-equipment
shoppers to0 walk through the entire store desplie their few needs,
spending more time and effort than necessary. The larger the store, the
more inefficiency for non-equipment shoppers in particular.

Because Hul ef al, (2000a) merely treat store layout as a fixed
parameter In thedr analyses, their approach to measure efficiency would



M.M. Larsen, eral

nol identify the type of inefficlency we delect in our study, As such, Hul
el al (2009a) do not discuss the extent o which the most opiimal path
in itsell 1s inedfclent for some group of customers, Thelr finding that
longer shopping trips with a larger basket size and a longer shopping
durations are least efficlent (most deviation from the optimal path), is
therefore not necessarlly contradictory fo our findings.

5. 1.7, Conerol vartalies

In the current study, carrying equipment Is the only independent
variable that consistently contributes in explaining the variance in all of
the six behavioral meirics. Gender, shopping dme and shopping peried,
each contributes in explaining the varlance in only two of the six me-
trics. Gender 1s only associated with shopping duration and walking
speed. Shopping period 1s only assoclated with basket size and store
area coverage, and shopping time s assoclated with only travel distance
and store area coverage. Furthermore, the results imply differential
effects of age on the six behavioral metrics. For Instance, age 1s not
associated with travel distance, and only the oldest age calegory is
associated with shopping duration and area coverage. Type of carrying
equipment (or the absence of one) involved in the shopping (ip should
therefore not be overlooked In research examining shoppers® in-store
behaviors.

5.2, Conclusions

An emerging empirical lterature built on technological innovatons
to study consumers' actual behavior in retail stores has shown gen-
eralizable patterns related to key behavioral metrics, describing the
heterogeneity of shopping trips across retail outlets, formats, and
countries. We repeat similar analyses and broaden the exploration of
fundamental In-store patterns by adding three additional metrics: travel
distance, walking speed, and shopper efficlency. These new measures
complement those proposed by Sorensen et al. (2017} as they lead to
better documentation and understanding of how shoppers differ In their
behaviors. Our findings draw attention to the Important role of the
cholce of carrying equipment in understanding in-store behavioral
palterns, Our dala show helerogeneily in shopping trips connected (o
type of carrying equipment, and based on the resulls, we find carrying
equipment o be a sultable variable for segmenting shoppers. IU 1S an
objective and observable measure and also predictive in terms of oc-
curring before the in-store behavior, Although carts and baskefs have
been around for many decades {Grandclément, 2009) and sl today
provide valuable customer service for shoppers, surprisingly few studies
invesiigate their association with Dehavieral paiterns in the siore,

We find non-equipment use to be widespread across stores and retail
formats and to represent a considerable proportion of shoppers. We
contribute unique and important insight on how this segment of
shoppers behave compared (o those using elther a basket or a cart. The
findings indicate that non-equipment users on average walk at a faster
pace, visit a smaller share of the store area, walk shorter distances,
spend less time In the store, buy fewer Items, and exhibit lower shopper
efficlency than cart users (while basket users show behaviors that lle in
between). Although we cannol conclude anyithing aboul cansality, we
show thal carrying equipment can be used Lo caplure the helerogeneily
in these key behavioral metrics, Thus, by nol distinguishing between
different in-store carrying equipment, researchers examining shopping
irips amd in-store behaviors unintentionally neglect an important dis-
criminator for differences in Key behavioral metrics.

5.3, Limitatons and suggesdons for further siidles

While conducting this study, we faced methodological 1ssues related
to shopping trips involving multiple shoppers (e.g. families, couples and
aroups) that led us to focus only on single-person shopping trips in the
analysis of our data. A shopping trip with multiple shoppers Introduces
sources of potential bias that must be overcome. For instance, who
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should be tracked? Whal if the group splits up one or more mes during
the trip and more than one member purchases ilems?

Another dilemma 15 how Lo profile the shopping trips using relevant
shopper characteristics such as gender and age. In cases where shoppers
shop together as a group, most lkely more than one age group and
gender are involved. Shopper characteristics can be rather ambiguous if
used for trips invelving multiple shoppers. We used visual inspection to
determine age and gender. Therefore, please note that the data on these
variables may be subject to some measurement error.

When the shopping trip is the undt of analysis, then the entry and the
exit measures become important not only for between-study compar-
Isoms but alse for the validity of the fundamental behavioral metries:
those based on fime in particular. Shoppers may spend a lot of time
both at the start and at the end of the shopping trip on tasks not as-
soclated with purchases (e.g., picking a basket/cart, queuing at the
checkout, and Item scanning). Measures for when to start and stop
tracking should be established, and all studies examining in-store be-
havioral patlerns should apply these. Our procedure was Lo siop
lracking when the shopper staried queuing, or in the absence of a
quene, when the shopper placed the frst item on the conveyor bell, One
concern s thal subsequent purchases (e.g., llems displayed al the
checkoul) are not added (o the number of purchases since they ocour
after the defined shopping trip.

In this paper, we introduce average walking speed, bul measuring
walking speed within each area would De an improvement as it could
add further insight regarding shopping patierns. We also recognize that
the behavioral metrdes do not provide any insight as to shoppers' actual
attention to stimuli along thedr in-store path, Store area coverage, travel
distance and shopping duration are only indicative of opportunities to
notice in-store siimuli, and average walking speed 1s only Indicative of
the shopper's search activity, visual feld, and attentiveness to stimull. It
seems that there Is a need for a more fine-tuned measure of attentional
patterns based on, for Instance, eye-tracking that can complement the
other key behavioral metrics. Further research should therefore explore
this opportunity.

5.4, Implicadons for retaflers

Our data pont 1o & high extent of non-equipment (rips in grocery
relailing and thatl in many stores, the shopping carl has passed Lo a
maore marginal role overall in terms of use on shopping trps. Since
carying equipment expands consumers’ shopping capacity and s re-
lated to increased Duying, physical retailers need o monitor, nuriure
and reward camying equipment use. Observing consumers’ choice of
cartying equipment at the entrance should be an important retail me-
trie, which can act as a benchmark for measures intended to Increase
the lkelikood of shoppers selecting a plece of carrying equipment and
for benchmarking against competitors. By deciding on which types of
equipment to offer shoppers, In terms of the stock slze for each alter-
native and thedr pick-up location In the store, retallers set the scene for
thelr customers’ cholce of carrying equipment (Including no equip-
ment). Miscalculating the size of the need for a given type (resulting In
periods of unavailabilityy, or fallure (o offer shoppers the right types of
equipment {(small/large; plastic/metal) al the appropriale place (al the
entrancesclose (o the entrance/inside the store), can presumably result
in more non-equipment use, Optimizing the number of shoppers se-
lecting 4 shopping cart should be the aim of most retail grocery slores,
Retaflers should focus on making 1 easy and appealing [o select a cart
and avold any bDarrlers to cart use, such as cart locks. This includes
drawing attention to the benefits of or increasing the consumer valie
from using a cart. For instance, technology mounted on shopping carts
(5o called “smart carts*) can offer consumers other (vpes of benefits
than the regular shopping cart (e.g., assistance in finding relevant
products). Retailers could also attach discounts or reward points to cart
use to motivate shoppers to select a cart for thelr shopping.

A high extent of non-cquipment use also points to the need to offer
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shoppers sullable carrving equipment al secondary locations in the
store, Shoppers occasionally misjudge their need of carrying capacity at
the starl of their shopping trip. This 1s evident, for example, from si-
tuations where shoppers are trving to strefch the capacity of what their
aring are capable of handling. Thus, placing equipment inside the store
can lead shoppers to easily upgrade their cholee of carrying equipment
(without having {0 make the effort to refrace their steps o the en-
trance). This is customer service that may contribute to a more pleasant
experience and improve sales,

We have shown that non-equipment trips are the least efficient
among all shopping trips as measured in terms of purchases per meter
travelled. For most retailers, the shopping trend s now moving dra-
matically in the direction of smaller, more frequent tips (Sorensen,
2016), many of which Involve no carrying equipment. The paradox
here Is that non-equipment shoppers presumably are those who mostly
seek a quick and efficlent trip, but who In practice experlence the least
efficlent trip among all shoppers. Our data suggest that non-equipment
shoppers walk rather fast (o the few products that initated their visil
Nevertheless, they spemd the longest Hme per item bought, and com-
pared Lo other shoppers, thelr pace makes them less likely 1o be al-
tentive Lo stimull on thelr way Lo thedr in-store destination, Toe cater o a
arowing segment of non-equipment shoppers in a befter way, refallers
should consider using special shelves in close vicinily o the entry amd
checkout for products bought frequently by non-equipment shoppers,

Appendix 1. . Frequencies by chodce of carrying equipment
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Altermatively, relailers can atlempl (o establish a convenlence store
wilhin their main store (store-dn-siore concepl) stocking those llems
and categories that are most relevant for non-equipment users. Such
store-in-store concepis have already starfed to appear in practice. Fur-
ther, retallers can focus on initlatives that make the checkout more thine
efficient for non-equipment shoppers buving few items, such as self-
checkoul statlons, express lanes, or no-checkoul siores (such as Amazon
Go), In addition, retaflers can facilitate shorfouts in the store aimed
particularly at reducing intra-store travel for non-cquipment shoppers
who know exactly what they want.

Our resulls suggest that carrying equipment is the best direcily
observable variable for segmenting shoppers as it explains a larger
proportion of the vardance in the in-store behavioral metrics than age
and gender do. Segmenting on carrying equipment is objective and
actionable In terms of product, place and promotion strategy. Further
research could study this in terms of pricing and willingness to pay as
well as In terms of In-store marketing communication. The problem
wilh traditlonal retailing is that retailers show everyihing to everyone.
By using, for instance, movement sensors and RFID tags in baskets and
carls, targeted ads on In-store sereens could be displayed (if movement,
bul mo RFID is detected, then display ads largeied (o non-equipment
shoppers. [f cart RFID s detected, then show ads to cart shoppers efc,).
Thus, behavioral segmentation based on carrying equipment selecton
offers refailers the opportunity to segment customers.

Variable o equipment Basket cart Tatal
CHSHMTIED pe
Fiesina bt o 1m 5 250
Male 136 112 24 e
Grougfamily 41 9 33 12
Tatal 0 252 113 B35
Age!
020 ] 2 an
21-30 54 42 1 a7
31-40 53 54 6 113
41-50 a7 L 26 a9
51-60 24 41 15 B0
61-70 9 32 24 a5
71+ 4 [ B 18
Tatal 9 213 an 522
Shapping period
Waekday 185 172 7B 435
Waakend 85 a0 a5 200
Tatl et 252 113 635
Shapping rime
OFF Peak 240 230 106 576
Pk 3 22 7 50
Total 70 252 112 35
¥ Age frequencies for female and make customers only,
Appendix 2. . Correlation matrix for the six key behavioral metrics (dependent variables)
shopping duration (oo} Walking spead (nss) Travel distance (m) Ared coverage (%) Easkel skee Shopper efficiency
Shopping duratien (min) 1.0000
Walking speed (m/5) — 6256 10000
Travel distance {m) 08181 — L3515 1AHKIO
Area coverage (%) 0.7B61 — 03728 0.5423 10000
Basked sz 07805 (L4230 07529 0FETG 10000
Shopper efficlency 0.4596 — 04203 0.2668 0.2163 0.7612 1.0000

The table shows that several behavioral metrics are highly correlated. This should be expected given the definition of the metrics. For Instance, the
longer distance a shopper travels in the store, the more fime he or she spends In the store and thus on average, the longer the shopping duration.
Despite being correlated, all behavioral metrics capture and explain different aspects of shopper behavior (see Sections 2.2-2.7). For instance, the
high correlation between travel distance in meters and area coverage in percentage demonstrales thal shoppers only (o a small extent go back o

previously visiled slore areas,
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