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Managing congestion in self-service environments such as fitting rooms in apparel retailers is vital as
retailers increasingly rely on their customers to perform many tasks independently. Using point-of-sale
(POS), traffic, and labor data obtained from a retail technology platform firm, RetailNext, and one of its
clients, we demonstrate an inverted-U relationship between fitting room traffic and sales; this shows that
managing congestion in fitting rooms is critical for store performance. Further, we identify a new
phenomenon called thwarting behavior, defined as a systematic change in customers’ behavior when they
experience congestion that imposes negative externalities on other customers. To understand the
underlying mechanisms that drive the negative impact of congestion, we conducted a field study
observing customer behavior at another retailer. Our field study provides evidence that customers change
their behavior in a way that induces negative externalities on other customers through an increase in (1)
waiting time due to service slowdown; and (2) the likelihood of lost sales due to phantom stockouts.
Finally, we use two field experiments at both retailers to show the effectiveness of accommodating
thwarting behavior through labor intervention to mitigate the negative impact of congestion. Our field
experiments quantified the impact of increasing fitting room labor by one person on hourly sales by 17.7%
to 19.02%. Our solution was adopted at both retail organizations.
Keywords: Retail operations; Empirical; Field experiment; Fitting room; Store labor management

1. Introduction
Congestion management is an important endeavor in service settings. Since congestion occurs when
demand exceeds supply, researchers have identified several ways to reduce this imbalance to relieve
congestion (Hassin and Haviv 2003; Lu et al. 2013). In these settings, customers are typically assumed to
be either passive – simply waiting for service and receiving it – or strategic, but only to the extent of
deciding to balk or renege from queues (Kulkarni 2009; Deo and Gurvich 2011; Aksin et al. 2013; Chan
et al. 2014; Batt and Terwiesch 2015; 2016). However, customers show other types of strategic behavior
in retail settings different from balking and reneging. More importantly, such strategic behaviors may
exacerbate congestion and impose negative externalities on other customers, unlike balking and reneging
that have a positive externality on other customers. We call such strategic behavior as thwarting behavior
and define it as a systematic change in customers’ behavior during congested periods that imposes
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negative externalities on other customers. For example, in the presence of long queues, customers may
decide (1) to take more clothes to try on in a fitting room, causing a longer wait for other customers due to
longer fitting room occupancy times (service slowdown), and (2) to leave behind more clothes in a fitting
room, causing a higher likelihood of lost sales due to phantom stockouts (misplaced inventory), where a
phantom stockout is defined as the proportion of misplaced items that are the only available items of their
type (i.e., unique SKU) in the store.
Thwarting behavior is especially problematic if organizations have self-service operating systems,
where customers determine their service speed. Many organizations recently moved towards self-service
environments and many others are considering such a move. According to the recent report of Allied
Market Research (Shende 2015), global self-service technology market will expand to $31.75B by 2020
with an annual growth rate of 13.98% during the forecast period 2015–2020. The driving sectors are retail,
healthcare, food & beverage, and banking with a development of technologies such as kiosks, vending
machines, and ATMs. Examples of self-service environments include ticketing kiosks at movie theaters,
bus and train stations, and parking lots; ATMs; food-ordering kiosks at restaurants such as McDonald’s
and Chili’s; self-checkout kiosks at retail outlets; DVD rental kiosks at redbox; gasoline stations; and
bike-sharing programs.
We examine the phenomenon of thwarting behavior in the context of apparel retailers. Apparel
retailers are especially vulnerable to thwarting behavior because they increasingly rely on customers to
perform many activities within stores in a self-service fashion. These tasks include browsing for products,
trying alternatives in fitting rooms, and using self-checkout kiosks. In these self-service environments,
customers control the service speed, which could directly lead to congestion. So, for such self-service
environments to function effectively, it is important for customers to not engage in activities that affect
other customers negatively. Evidence suggests, however, that some customers in brick-and-mortar stores
might actually impede the delivery of service to other customers. For example, in a growing phenomenon
commonly known as showrooming, customers experience the product and compare alternatives in a retail
store but place their orders online with a competitor. Such customers impose negative externalities on
other customers by increasing congestion in the store. This congestion manifests itself in many places in
the store; in the case of apparel retailers, one important location is the fitting room.
Fitting rooms play a critical role for apparel retailers as customers experience the product and
examine alternatives. Both activities have been identified as part of the core pathway in the consumer
purchase decision process (Figure 1, Kotler and Armstrong 2001). Bell et al. (2014) recently showed that
even online retailers may decide to open offline showrooms to facilitate these activities for their
customers. Congestion, which could be exacerbated by thwarting behavior, however, impedes customers’
ability to conduct both of these activities for the following reasons. First, congestion leads to an increase
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in queue length that could result in abandonment of purchase when the waiting time exceeds a customer’s
patience threshold. Second, even customers who secure a fitting room but are unhappy with the fit, color,
or design of their selections may be reluctant to navigate through a crowded store to find alternatives.
Finally, customers who use fitting rooms are likely to leave unwanted clothes in the fitting room or
waiting area. Though store associates may eventually return these items to the proper shelves, temporary
phantom stockouts (Ton and Raman 2010) and dirty rooms likely will prevail and affect sales negatively,
especially during congested periods when associates may be preoccupied with other customer-facing
tasks.
In this paper, we study thwarting behavior and its impact on congestion in fitting rooms and overall
store performance. We analyze archival data on fitting room traffic and store performance to first identify
the negative impact of congestion on store sales. Then we delve deeper into the mechanisms driving the
negative impact of congestion by conducting a field study where we observe the behaviors of customers
entering the fitting room area at a major retailer. Specifically, we examine two examples of thwarting
behavior that customers exhibit when they experience congestion. These include taking more clothes into
the fitting room and leaving behind more clothes in the fitting room. Such thwarting behaviors impose
negative externalities on other customers such as (1) a longer wait for other customers due to a slowdown
in the service-rate; and (2) a higher likelihood of lost sales due to phantom stockouts. Finally, we perform
two field experiments at two different retailers to show the effectiveness of accommodating thwarting
behavior through labor intervention to mitigate the negative impact of congestion in self-service
environments.
Our data were obtained through collaborations with three companies. RetailNext is a leading in-store
analytics provider to retailers, shopping centers, and manufacturers. It collects traffic information from
video cameras in retail stores to codify customer-arrival patterns as well as customer pathways in retail
stores. In addition, they collate customer traffic information and point-of-sale (POS) data. These data
were obtained from one of its clients, a large U.S.-based retailer (retailer A). This retailer’s stores are
about 50,000 sq. ft. in size and primarily carry men’s, women’s, and children’s apparel, along with some
home furnishing goods. The data obtained from RetailNext and retailer A helped us identify the negative
impact of congestion on store sales. However, we could not tease out mechanisms driving such negative
impact of congestion because the data were aggregated. We overcome this limitation by collecting
customer-level and item-level data from another retail chain (retailer B) through a field study observing
customer behavior to understand specific mechanisms driving the relationship between fitting room traffic
and store sales. Retailer B is a department store similar to retailer A, but larger. Finally, we conducted
field experiments at both retailers A and B to identify labor intervention as a potential solution to mitigate
the negative impact of congestion.
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Our research settings have several advantages to study our research questions. First, retailers A and B
differed in their merchandise, gross margin, store sizes, geographical locations, and fitting room layout.
For example, retailer A has a centralized fitting room area located in the center of a store with 16 rooms,
whereas retailer B has decentralized fitting room areas located near each brand, with 3–4 rooms. By
obtaining consistent results across these two retailers, we are able to demonstrate the robustness of our
findings. Second, identifying the number of customers who intend to use fitting rooms is challenging, as
customers may not join the queue when they notice that all fitting rooms are occupied or the queue is long.
Such balking causes censoring of data. Our setup was able to eliminate censoring of data because
customers could not observe the queue length and whether all fitting rooms were occupied without
entering the fitting room area. All customers who entered the fitting room area, irrespective of whether
they were able to use the fitting room or not, were counted as they entered the area by a camera installed
at retailer A and by direct observations at retailer B. Third, we augmented the findings from the archival
traffic data with direct observations of 209 customers and the items they misplaced through a field study
conducted at retailer B for 24 non-continuous hours spread over 3 weekends. This enabled us to provide
evidence for thwarting behavior, the mechanism driving the negative impact of congestion observed in
the aggregate store-level relationships. Fourth, by conducting field experiments involving labor
intervention, we were able to cleanly detect the causal impact of the presence of a fitting room associate
on store sales performance. Finally, during the course of the research project, we conducted multiple
interviews and conference calls with the store managers, the chief operating officer (COO) of retailer A,
the director of workforce management of retailer B, and the vice president of analytics for RetailNext,
enhancing the managerial implications of this paper by incorporating the practitioners’ points of view.
Our primary findings are as follows. First, we observe an inverted U-shaped relationship between
fitting room traffic and sales. Sales initially increase with fitting room traffic as more customers intend to
purchase. Beyond a certain point, however, we observe a steep decline in sales when fitting rooms
become congested. Contrary to the conventional wisdom that more traffic drives more store sales, we
identify that too much traffic in fitting rooms can hurt store sales. This observation shows that managing
congestion in fitting rooms is critical for brick-and-mortar apparel retailers.
Second, we identify two mechanisms that drive the inverted-U relationship observed in our data. By
observing 209 customers who used fitting rooms for 24 non-continuous hours spanning 3 weekends, we
find that customers, on average, take additional 1.38 clothes into the fitting room when they experience
congestion, which requires them to occupy fitting rooms an average of 1.87 minutes longer. This behavior
imposes a negative externality on other customers as overall waiting time increases. Our investigation of
misplaced inventory shows that customers, on average, leave behind 3.05 items more during congested
periods. So, during congested periods customers take a few more extra items into the fitting rooms and

4

leave behind more items, indicating that the sales from these customers will be low during these periods.
This leads to a further increase in the negative externality on other customers as the likelihood of lost
sales increases due to phantom stockouts. We find a 38.6% of phantom stockout rate among items leftbehind in the fitting room area at retailer B. Further analysis confirmed that those misplaced items were
high-margin, popular merchandise with significant opportunity costs. These two mechanisms are
examples for thwarting behavior that we define in the paper.
Finally, our field experiments show that using additional labor to manage the thwarting behavior can
significantly mitigate its negative impact on store performance. By comparing the mean between the
treatment and control groups, we find that increasing labor in the fitting room area by one person at
retailer A raises store sales per hour by $475.19 (19.02%) by increasing transactions per hour by 16%. We
obtain similar results at retailer B, where we observe an increase of $146.92 (17.7%) in checkout-counterlevel hourly sales. Given the wage rate of below $15 per hour and gross margins of 43% (retailer A) and
40% (retailer B), we can conclude that adding an associate in the fitting room area yields a positive ROI.
Our research makes several contributions to the operations management literature. Our first
contribution is the identification and demonstration of thwarting behavior by customers. Researchers have
identified that customers exhibit strategic behaviors, e.g., balking or reneging, in the queue based on their
service experience, which affects their attitude such as anxiety and fairness (e.g., Rafaeli et al. 2002;
Bitran et al. 2008). While balking and reneging lead to positive externalities for other customers, none of
the papers have empirically identified this specific strategic behavior, thwarting, which imposes a
negative externality on others.
Second, our paper identifies new dimensions of customer impact on service operations. We identify
customer-induced service slowdown, as opposed to server-driven slowdowns (Kc and Terwiesch 2009;
Anand et al. 2011; Tan and Netessine 2014; Batt and Terwiesch 2016), as an important reason for service
slowdowns in retail settings. Also, we contrast customer-induced instore-based phantom stockouts from
backroom-based phantom stockouts identified in prior literature (DeHoratius and Raman 2008; Ton and
Raman 2010). Firms should take such strategic customer behavior into account when designing their
operating systems, especially self-service operations since more customers are likely to exhibit thwarting
behavior in such cases and this could cause dissatisfied self-service customers to defect to competition
when switching costs are low (Buell et al. 2010). Empirical studies of strategic customer behavior,
however, are limited (see Li et al. 2014 for a notable exception).
Third, we contribute to the expanding literature on retail labor (Fisher et al. 2007; Ton 2009;
Netessine et al. 2010; Kesavan et al. 2014; Mani et al. 2015) by conducting the first field experiments in
this line of research to demonstrate the impact of staffing decisions on performance. While prior research
(Mani et al. 2015) has shown systematic understaffing during peak hours, with significant lost sales and a
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decline in profitability, it does not suggest ways to mitigate the negative effects of understaffing, as these
studies were conducted at the store level. In this paper, by demonstrating that an additional associate in
the fitting room area yields a positive ROI, we show the value of scheduling associates in fitting room
area during congested periods, which might mitigate the negative effect of understaffing.
Our results underscore a number of managerial implications for retail practice. First, we demonstrate
the value of staffing fitting rooms in apparel retailers. Retailer A presented our results to its board of
directors, who wanted to conduct a pilot study in additional stores. Acting independently, retailer A
performed additional testing in ten more stores and found that the conversion rate increased by 2.1%.
Subsequently, retailer A advised all stores in its chain to increase labor in their fitting rooms during peak
hours. Second, we demonstrate the need for excellence in store execution by showing the large magnitude
of phantom stockouts at retailer B. This retailer was aware of the challenges posed by misplaced
inventory but was unaware of its root causes. As a result, retailer B had followed a policy of re-shelving
items on the recovery racks after 7PM, when the majority of customers had left the store. Our paper
shows that such a policy would lead to significant phantom stockouts and a decline in sales during peak
periods. Based on our study, retailer B switched to continuously monitoring the fitting rooms and started
paying special attention to them when the store was congested.
The rest of this paper is organized as follows. We present the related literature in §2 and propose
hypotheses about how store performance might change with fitting room traffic based on different
assumptions on customers’ behavior in §3. We outline the empirical methodology with a description of
the data in §4 and the results in §5, respectively, to identify the negative impact of congestion. In §6, we
delve deeper into two mechanisms, i.e., examples for thwarting behavior, that drive the observed inverted
U-shaped relationship, by describing a field study observing customer behavior. Section 7 presents the
design and interpretation of two field experiments to suggest one possible remedy to mitigate the negative
impact of congestion by accommodating thwarting behavior through labor intervention. We conclude this
paper with our contributions, limitations, and some directions for further research.

2. Prior Literature
Researchers have identified several ways to reduce the imbalance between supply and demand to relieve
congestion. In these settings, customers are typically assumed to be either passive or strategic, but only to
the extent of deciding to balk or renege from queues, which have a positive externality for other
customers. Examples of analytical works with passive arrivals are Deo and Gurvich (2011) and Lee et al.
(2012) while those of empirical works include Chan et al. (2014) and Batt and Terwiesch (2016). Models
with balking and reneging can be found in many books, e.g., Kulkarni (2009). Recent empirical works on
this topic include Aksin et al. (2013) and Batt and Terwiesch (2015). However, customers show other
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types of strategic behavior in retail settings different from balking and reneging, which impose negative
externalities on other customers. For example, Allon and Hanany (2012) studied customer’s behavior of
cutting the line that can increase waiting time for other customers. To the best of our knowledge, our
paper is the first paper that empirically identifies and demonstrates customers’ behavior change during
congested periods that imposes a negative externality on other customers; we call it thwarting.
Sasser (1976) identified customers as a “mixed blessing” in operating environments. On the one hand,
customers could be a source of productive capacity by providing labor for self-service; on the other hand,
they could introduce variability and uncertainty into operations (Karmarkar and Pitbladdo 1995). Frei
(2006) further classified such customer-introduced variability into five categories (i.e., arrival, request,
capability, effort, and subjective preference) and suggested reduction and accommodation as two broad
strategies to manage such variability. While this literature has claimed that system performance
deteriorates mainly due to customer-induced variability, our paper identifies thwarting behavior as
another reason for deterioration in system performance.
Staffing problems have been studied in other service systems such as call center and healthcare
settings (Gans et al. 2003; Green 2004). Recently Batt and Terwiesch (2016) empirically found that
service rate is dependent on workload in a hospital’s emergency department. Earlier papers have argued
that high congestion levels may require servicepersons (hereafter, “servers”) to multitask in parallel,
which involves a cognitive switching cost (Kc 2013; Batt and Terwiesch 2016) and fatigue (Kc and
Terwiesch 2009) that lead to server slowdown. Because customers themselves perform most activities in
a fitting room, self-service environments in general, servers do not cause an increase in service time in
our research setting. Our paper therefore emphasizes customer-induced service slowdowns as opposed to
server-driven slowdowns.
The importance of labor as a key execution issue in stores has been highlighted in Raman et al. (2001).
Other examples of store execution issues are inventory record inaccuracy (DeHoratius and Raman 2008)
and phantom stockouts (Ton and Raman 2010), which were found to significantly impact retail store
performance negatively. Using survey data collected from a small-appliance and furnishings retail store,
Fisher et al. (2007) showed that labor issues, as an example of store execution issues, considerably affect
both customer satisfaction and sales. In an apparel setting, overcrowded fitting rooms often result in
temporary phantom stockouts within the store. Such customer-induced misplaced inventory within the
store, different from phantom product in the backroom (Ton and Raman 2010), is expected to be one
driver of the inverted-U relationship that we observe in our setting.
Ton and Huckman (2008) provided further evidence of the importance of store labor by
demonstrating a link between an increase in employee turnover and a decrease in profit margin and
customer service. In addition, Ton (2009) showed that an increase in store labor is associated with higher
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profits. Our paper is consistent with this work in demonstrating that fitting room associates can help
improve store performance. While the previous papers used store-level data at a monthly granularity, we
use data from within a store at an hourly granularity, as well as customer-level and item-level data to
elicit the mechanism. More importantly, we also conduct two field experiments involving labor
intervention that have not been conducted in this stream of research thus far.
Recently, several authors have used retail traffic data in their empirical analyses. Perdikaki et al.
(2012) studied relationships between sales, traffic, and labor for apparel retail stores. By decomposing
sales into conversion rate and basket value, they found that, at an aggregate level, store sales have an
increasing concave relationship with traffic; conversion rate decreases nonlinearly with increasing traffic;
and labor moderates the impact of traffic on sales. Our research results suggest that, beyond plateauing,
sales decline when a self-service environment, a fitting room area in particular, is highly congested.
Lu et al. (2013) used video-based technology to measure queue length in front of a deli counter at a
supermarket and showed that consumers’ purchasing behavior is driven by queue length, not waiting time.
Tan and Netessine (2014) studied the impact of workload on servers’ performance in a restaurant chain.
They found that servers exert more effort on sales by sacrificing service speed when the overall workload
is small, whereas servers start to reduce sales effort and increase service speed as workload increases. Our
paper differs from these papers in two ways. First, we focus more on how customer behavior affects
service rates; previous work has emphasized servers. Second, while previous studies mostly used overall
store traffic data (except Lu et al. 2013), we demonstrate the value of in-store traffic data (specifically,
fitting room traffic) by showing the negative impact of congestion in fitting rooms on sales. Furthermore,
we find thwarting behavior, with evidence of two examples through a field study observing customer
behavior, which can explain the inverted U-shaped relationship observed in our data.
A more recent paper, Mani et al. (2015), extended the literature on retail traffic and staffing by
providing an approach to quantify the extent of understaffing in retail stores and its impact on lost sales
and profitability. They provided evidence for the presence of systematic understaffing during peak hours.
Such understaffing is hard to completely eradicate, as staffing to peak demand is expensive. By
demonstrating that the cost of having an extra associate in the fitting room during congested hours could
pay for itself and more from the increase in sales, we show the value of a fitting room employee during
congested periods which can mitigate the negative effects of understaffing.
Finally, a stream of literature has focused on the self-service setting. Given traditional service (e.g., a
teller in banking), most prior papers have studied the impact of introducing self-service technology (e.g.,
online banking) on customer satisfaction and retention in a number of settings, such as retail banking
(Buell et al. 2010). Buell and Norton (2011) revealed that engaging in operational transparency, which
they termed labor illusion, is sufficient to increase perceived value. While those papers focus on the
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impact of operational change on consumer behavior, our work emphasizes the impact of customers’
strategic behavior on operations. Also, as some prior literature (Moon and Frei 2000; Frei 2006; Frei 2008)
has consistently pointed out the importance of customers’ impacts on operations, our paper adds to this
stream by identifying another type of customer’s impacts on operations during congested periods that we
call thwarting behavior of customers. Empirical studies of strategic customer behavior, however, are
limited, with a notable exception of Li et al. (2014).

3. Hypotheses
We construct hypotheses to investigate the relationship between fitting room traffic and store sales
performance. In our setup, we assume that multiple fitting rooms are co-located in one fitting room area
and “fitting room traffic” refers to all customers who enter the fitting room area intending to use fitting
rooms, regardless of whether they end up using rooms or not. We consider three possible scenarios. The
first scenario is based on traditional operations management literature where consumers are assumed to be
passive or to have limited strategic behavior. The second and third scenarios incorporate different
strategic consumer behaviors yielding different relationships between fitting room traffic and sales.
Scenario 1: Traditional operations management literature assumes that customers are passive or have
limited strategic behavior where they can only balk or renege. We consider the implications of this
assumption on the relationship between fitting room traffic and sales in this hypothesis.
Fitting rooms play a critical role for apparel retailers as customers experience the product and
evaluate alternatives there to complete their purchase. These steps have been identified as part of the core
pathway in the consumer purchase decision process (Figure 1, Kotler and Armstrong 2001). Hence, as
fitting room traffic increases, sales are expected to increase initially, since more shoppers reveal their
intention to purchase. Sales are expected to increase linearly, if customers are assumed to be passive, with
fitting room traffic till fitting room capacity is reached. Once it’s reached, customers may passively queue
outside the fitting rooms so sales will flatten. In the case where customers are allowed limited strategic
behaviors such as balking and reneging, sales would have an increasing concave relationship with fitting
room traffic. A formal treatment of these two arguments is provided in the Appendix A.
Since we expect some customers to balk and renege, we propose the following relationship based on
operations management literature:
Hypothesis 1a: There is an increasing concave relationship between fitting room traffic and store sales
performance.
Scenario 2: In this scenario, we argue for the relationship between fitting room traffic and sales with the
assumption that customers are likely to exhibit other type of strategic behavior, beyond reneging and
balking. Specifically, we assume that customers may change their behavior when they experience
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congestion in ways that impose negative externalities on other customers (i.e., thwarting behavior) that
causes sales to decline.
Customers could become strategic by taking more clothes into the fitting room when they experience
congestion. When the store is congested, customers might anticipate longer waiting time to secure a
fitting room. So they may take more alternatives with them to reduce the chance of returning back to the
selling floor again. They may also take more alternatives for fear of stocking out when many customers
are around. Taking more clothes into the fitting room would increase waiting time for the rest of the
customers as the service time would increase.
Customers could also leave behind more unwanted clothes in the fitting room during congested
periods. Even those customers, who secure a fitting room but are unhappy with the fit, color, or design of
their initial selections, may be reluctant to go back into the store to find alternatives due to the crowd.
Literature in psychology has shown that customers in crowded stores feel disoriented (Dion 1999), less
satisfied (Eroglu and Machleit 1990), more stressed, and tenser (Langer and Saegert 1977). So, they may
just leave those unwanted clothes in the fitting room. Though store associates may eventually return these
clothes to the proper shelves or racks, temporary phantom stockouts (Ton and Raman 2010) are likely to
occur and affect sales, especially during congested periods when associates may be preoccupied with
other customer-facing tasks. Leaving more clothes in the fitting room could also make rooms dirty. It
might cause customers to abandon their purchase plans or increase the waiting time for other rooms when
dirty rooms cannot be occupied. Accordingly, we propose the following relationship based on strategic
behavior that imposes negative externalities on other shoppers:
Hypothesis 1b: There is an inverted U-shaped relationship between fitting room traffic and store sales
performance.
Scenario 3: Next we argue for an alternate relationship between fitting room traffic and sales in which
sales has an increasing convex relationship with fitting room traffic based on a different consumer
behavior. This could happen if customers who visit the store during congested hours are unable to find an
unoccupied fitting room to try on the clothes at the store so they decide to purchase multiple items with
the intention of returning some later. Further, even customers who find a fitting room may decide to
purchase more as they take more items into the fitting room when they experience congestion. Both
explanations would increase sales non-linearly when the fitting rooms are busy1. Accordingly, we propose
the following relationship:
Hypothesis 1c: There is an increasing convex relationship between fitting room traffic and store sales
performance.

1

We thank an anonymous reviewer for suggesting these alternative explanations.
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The three hypotheses are based on different assumptions about underlying consumer behavior. We
use archival data from retailer A to test the three hypotheses in the next sections.

4. Data and Methodology
4.1. Data Sources
We test our hypotheses using archival data obtained from RetailNext and one of its retail clients.
RetailNext is a leading in-store analytics provider to retailers, shopping centers, and manufacturers such
as Brookstone, Bloomingdale’s, PepsiCo, and P&G. It collects traffic information from video cameras in
retail stores to codify customer arrival patterns as well as customer pathways in the stores. In addition to
traffic data, we further obtained POS data as well as in depth labor data from one of their clients, a large
U.S.-based retailer. We refer to this retail chain as “retailer A” in this paper. Retailer A is a women’s
apparel retail chain that sells primarily women’s, men’s, and children’s apparel, along with some home
décor goods. Its target customers are 35- to 54-year-old moms. We worked closely with both companies
during the initial data-analysis stage, when we analyzed archival data, and during the field experiment
stage, when we interacted more closely with the retailer’s senior management, corporate planners, and
store management team. The study period was from July 2012 to October 2013.
We obtained the following data for retailer A during the study period: (1) POS data (e.g., number of
transactions, store sales volume, and number of items at the receipt level); (2) traffic data (e.g., store
traffic and fitting room traffic); and (3) labor data (e.g., employee hours and assigned department). This
retailer installed video cameras at store entrances to record the number of visitors. All retailer A’s stores
had this entrance camera during our study period. Only one store, however, had additional cameras
installed within the store to track customer movement. We therefore focused on this store to study the
impact of fitting room traffic on store performance, controlling for the overall store traffic. These cameras
capture only the entrance to the fitting room area and nothing within fitting rooms’ interiors. The first
picture of Figure 2 shows the fitting room area at retailer A that was used in this study, located at the
center of the store for ease of approach. The store has 16 fitting rooms in total in this area.
Traffic cameras used in this study were able to differentiate between incoming and outgoing traffic by
tracking the direction of customers’ movements. Figure 3 shows how this technology was able to
distinguish incoming from outgoing traffic. Each camera has two sensors, and if a customer goes through
both, she is counted. The camera captures the direction of movement by determining the order in which a
customer’s motion is detected by the two sensors. Note the two outlines around the entrance door in
Figure 3. If a customer goes through the outside line (i.e., farther from the entrance) and then the inside
line (i.e., closer to the entrance), in that order, then she is categorized as an “out-count,” and vice versa.
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RetailNext also audited the data regularly by manually counting the number of visitors and comparing
that count to the numbers from the automated sensors, ensuring that the accuracy was at least 95%.
4.2. Variables
We conduct our econometrics analysis at the hourly level.
4.2.1. Dependent variables. We measure two store performance metrics on day t at hour h by sales in
dollars per hour (𝑆𝑎𝑙𝑒𝑠!! ) and the number of transactions per hour (𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛!! ). We find that store
hours are not fixed. For example, before the Christmas holiday, the store is open until midnight. In order
to avoid the spurious correlation that could arise between variables as a result of systematic differences in
business hours, we use only data between 9AM and 10PM, which are the normal store hours.
4.2.2. Key variables of interest. We have in-count and out-count traffic measures for the number of
!"
!"#
customers visited the fitting room area (𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
and 𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
). We use an average between
!"
!"#
the in- and out-counts (𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! = (𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
+ 𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
) 2) for our main analysis as it

would help mitigate concerns about measurement errors in the respective in- and out-count variables. We
repeated analysis with in- and out-counts, separately, as robustness checks and obtained consistent results.
4.2.3. Control variables. We next describe the rest of the controls used in our analysis. First, we need
to control for store traffic to distinguish the impact on our dependent variables of fitting room traffic from
overall store traffic. We use the average store traffic (𝐴_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! ), similar to fitting room traffic, to
control for the number of customers visited the store. Second, we control for store labor, as that is known
to affect sales and transactions (Perdikaki et al. 2012). Detailed labor data are available for our study. For
example, we know whether an employee is part-time or full-time, what time an employee starts work and
when she finishes, and to which department (e.g., cashiering, fitting room, Misses, etc.) she is assigned.
We divide the total labor into the employees assigned to the fitting room per hour (𝐹𝑖𝑡_𝐸𝑚𝑝!! ) and
employees assigned to the rest of the store per hour (𝑂𝑡ℎ𝑒𝑟_𝐸𝑚𝑝!! ). We eliminate backroom labor from
our main model since that does not affect sales directly, though our results are similar when we include
backroom labor in our computation of 𝑂𝑡ℎ𝑒𝑟_𝐸𝑚𝑝!! . Since the retailer collected timestamp data on when
each associate started work, our labor variables can be fractional. For example, if one employee starts to
work at 9:30AM in the fitting room area, then we have a data point of 0.5 for 𝐹𝑖𝑡_𝐸𝑚𝑝!! at h = 9.
Third, stores’ sales performance depends on store promotions (Lam et al. 2001; Perdikaki et al. 2012).
We have information regarding the store’s promotional activities. Based on this information, we create a
dummy variable 𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛! that is set to one on days, t, when a promotion was ongoing, and set to zero,
otherwise. Fourth, we control for seasonality by introducing monthly dummies, day of week dummies,
and hour-block dummies. We create hour-block dummies for the following hours: 9AM–12:59PM, 1PM–
5:59PM, and 6PM–10PM. We clustered these hours based on common traffic patterns across hours in
those blocks. The average store traffic across these three blocks of hours are 97.23, 147.49, and 79.87. So,
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the second block captures the store’s peak hours. We did not use hourly dummies due to multicollinearity
concerns although our main finding (i.e., inverted-U shaped relationship between fitting room traffic and
sales) was robust with hourly dummies.
We trim our data by excluding extreme values to ensure that our analyses are not influenced by
extreme outliers and to obtain more robust statistics and estimators, though all results are consistent when
we use full data. We remove all data with standardized residuals more extreme than 3. This resulted in a
drop of 1.4% of observations. We perform all further analysis on this data set. We checked the robustness
of our analysis with cutoffs for standardized residuals at 2 and 2.5 and obtained consistent results.
Table 1 provides summary statistics for all variables used in our analysis. Subscript t denotes each
date and h, ranging from 9 to 21, denotes each hour. The average sales volume per hour is $1,892 and the
average number of transactions per hour in the retail store is 54. The average store traffic per hour is 112,
while the average fitting room traffic is 66, indicating that majority of the customers use fitting rooms.
Table 2 shows the Pearson correlation coefficients among all variables used in our analysis.
4.3. Model Specification
We propose the following model to relate store performance to fitting room traffic, with control variables:
!
!
𝑆𝑎𝑙𝑒𝑠!! = 𝛽! + 𝛽! 𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! + 𝛽! 𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
+ 𝛽! 𝐴_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! + 𝛽! 𝐴_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!

(1)

+ 𝛽! 𝐹𝑖𝑡_𝐸𝑚𝑝!! + 𝛽! 𝑂𝑡ℎ𝑒𝑟_𝐸𝑚𝑝!! + 𝑾𝒕𝒉 ! 𝜷𝟕 + 𝜀!!
In an alternate model, we replace sales volume per hour (𝑆𝑎𝑙𝑒𝑠!! ) with the number of transactions per
hour (𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛!! ) to examine an impact on transactions. 𝑾𝒕𝒉 is a column vector of control variables
that includes promotion indicator, hour-block dummies, day-of-week dummies, and monthly dummies.
We test Hypothesis 1a-1c, the relationship between fitting room traffic and store sales performance,
using estimates of coefficients 𝛽! and 𝛽! . Since some customers may purchase without entering the fitting
room, we control for store traffic in the model. We also add the quadratic term of store traffic,
!
𝐴_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
, as Perdikaki et al. (2012) found non-linear relationship between store traffic and sales. As a

robustness check, we re-run a model with mean-centered traffic variables (both fitting room traffic and
store traffic with their squared terms) and obtain consistent results.

5. Results: The Negative Impact of Congestion
Table 3 presents regression results for equation (1) with two dependent variables to test Hypothesis 1a-1c.
Models 1 and 2 use sales as dependent variable and models 3 and 4 use the number of transactions as
dependent variable. Models 1 and 3 comprise only control variables. We then enter the fitting room traffic
and its square in Models 2 and 4 so these models can serve as full models.
The results from model 2 support our conjecture that fitting room traffic has an inverted-U shape
relationship with sales. We find that sales are expected to increase by $14 for every person entering the
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store, but if a shopper enters the fitting room area, sales are expected to increase by an additional $6. Thus,
the expected value of a shopper in the fitting room area is initially $20. However, the marginal increase in
sales due to a customer’s entering the fitting room area diminishes as more customers enter there and
subsequently becomes negative. In this model, we find that the coefficients of A_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! (6.43,
!
p<0.01) and 𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
(-0.03, p<0.01) are both statistically significant. We also calculated the

marginal impact of fitting room traffic on sales. For the value of fitting room traffic corresponding to the
median, increasing fitting room traffic by one unit per hour increases sales by $2.60 per hour. For the
value of fitting room traffic at a lower level of distribution (i.e., 10th percentile), increasing fitting room
traffic by one unit per hour increases sales by $4.89 per hour. For the value of fitting room traffic at a
higher level of distribution (i.e., 90th percentile), increasing fitting room traffic by one unit per hour
decreases sales by $1.66 per hour. This reveals the negative impact of congestion in the fitting room: Too
much traffic in the fitting room can hurt store sales (Hypothesis 1b).
In the transaction model (model 4), we find that coefficients of 𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! (0.1, p<0.01) and
!
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
(-0.0008, p<0.01) are both statistically significant, again, supporting Hypothesis 1b.

Similar to our earlier results with sales as the dependent variable, we find that the number of transactions
increases with fitting room traffic before declining. The inverted-U relationship is confirmed when we
compute the marginal impact of fitting room traffic on transactions. Again, we find that, for the value of
fitting room traffic at a higher level of distribution (i.e., 90th percentile), increasing fitting room traffic by
one unit per hour decreases the number of transactions by 0.08. This result confirms the negative impact
of congestion in the fitting room: Too much fitting room traffic can reduce the number of transactions,
and thus the conversion rate to sales.
We note that the estimated coefficients of the control variables are in the expected direction. Store
traffic is positively associated with sales volume (13.88, p<0.01) and transactions (0.45, p<0.01). The
quadratic term is negative and significant for transactions, but not significant for sales. Store labor is also
positively associated with sales and transactions. While the fitting room employee is significant for
transactions, it is not significant for sales. It is hard to tease out the effect of labor on sales with archival
data because of endogeneity issues. Hence, our field experiments involving labor intervention, discussed
later, are valuable to understand this relationship. As expected, we find significant seasonality in store
sales performance. For both models, we observe statistically significant monthly dummies, day of week
dummies, and hour-block dummies. Consistent with prior literature (Perdikaki et al. 2012), promotions
are negatively associated with sales (-133.33, p<0.01), meaning that for a given level of store traffic a
randomly chosen shopper in the store is likely to spend less during promotional period. However, because
of much higher traffic during the promotion, overall sales are higher. The adjusted R2 for the sales and
transactions models are 81.53% and 88.34%, respectively, indicating that our model fits are good.
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5.1. Robustness Check: Tests for Inverted U-Shaped Relationship
Up to this point, our conclusion about the presence of inverted U-shaped relationship was based on two
!
criteria: (1) significant coefficients of 𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! and 𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
and (2) the peak point,

defined as the value of fitting room traffic at which sales (or transactions) are highest, lies within the data
range. However, a quadratic approximation of a concave unimodal relationship could be erroneous in the
presence of extreme observations. So, we perform multiple robustness checks for the inverted U-shaped
relationship between fitting room traffic and sales.
First, we perform a robustness check based on Aiken and West’s (1991) procedure for testing
curvilinear relationship. Herein we compute the slope of the curve for different values of the variable and
ensure that the slope differs significantly from zero and has different signs on either side of the peak point.
In model (1), the slope and the standard error can be obtained by 𝛽! + 2𝛽! 𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! and
!
𝜎!! + 4𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
𝜎!! + 4𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! 𝜎!" , respectively. Here 𝜎!! and 𝜎!! are the variance of 𝛽!

and 𝛽! , respectively, and 𝜎!" is the covariance between 𝛽! and 𝛽! . Table 4 shows that tests of the simple
slopes for the fitting room traffic at the peak point, and ±1 SD, minimum, and maximum value in the
sample. We find that the simple slopes on either side of the peak point are (1) statistically significant and
(2) of different signs for both sales and transactions, confirming Hypothesis 1b.
Second, we calculate the confidence interval of the peak point and ensure that it lies within the
sample, following Lind and Mehlum (2010). We used the Fieller (1954) method, which has been
recommended by Staiger et al. (1997) as the delta method is severely biased for the finite sample. Since
the 95% confidence interval lies within the range of the sample for both sales [83.92, 106.71] and
transactions [54.21, 78.13], we again confirm the inverted U-shaped relationship.
Third, we perform quantile regressions to test the robustness of the inverted U-shaped relationship.
Quantile regressions have several advantages. The estimates are more robust against the presence of
possible misspecification errors due to heteroscedasticity and measurement errors. They also enable us to
check whether the relationships hold across the entire distribution of the variables or specific to different
parts of the distribution. We follow Amemiya (1985) and perform a two-stage regression: OLS in the first
stage and bootstrap in the second stage. Table 5 shows the quantile regression results at 25%, 50%, and
75% for the fitting room traffic. We find that both linear and quadratic terms of fitting room traffic are
jointly significant in all cases (p<0.01). In addition, we find the peak point lies within the sample in all
cases, providing support for the inverted-U relationship.
Fourth, we run spline regressions as a further validation of the inverted U-shaped relationship. In
spline regressions, knots capture the changes in coefficients for different intervals of the key variables of
interest. We use two and three knots for our analysis as more knots increase the risk of multicollinearity.
Table 6 reports the results. Consider columns (1) and (3), where we report spline regression results with
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two knots. For both sales and transactions, the coefficient of the first spline is positive and significant
(p<0.1), whereas the second is negative and significant (p<0.01), supporting the inverted U-shaped
relationship. The conclusions are similar when we consider three knots, as shown in columns (2) and (4).
In conclusion, we identified the negative impact of congestion by showing the inverted U-shaped
relationship between fitting room traffic and store sales performance.

6. Mechanisms Driving the Negative Impact of Congestion: Thwarting
Behavior
In this section, we describe the field study conducted to identify two mechanisms for the inverted-U
relationship observed in our data. In Hypothesis 1b, we had argued that customers may change their
behavior when they experience congestion in ways that impose negative externalities on other customers
that causes sales to decline. Specifically, these behavioral changes include bringing more items into the
fitting room and leaving behind more items in the fitting room during congested periods. Leaving behind
more clothes in the fitting room does not automatically follow from customers bringing more clothes into
the fitting room as they could potentially purchase more items. Both of these behavioral changes impose
negative externalities on other customers: Bringing more clothes into the fitting room increases waiting
time for other shoppers due to service slowdown, while leaving behind more clothes in the fitting room
could increase the chance of lost sales due to phantom stockouts. Since we found support for Hypothesis
1b, we conducted a field study observing customer behavior to collect data that would enable us to test for
the presence of these underlying mechanisms.
We could not conduct the field study at retailer A due to lack of access, so we sought out another
retailer, B, to conduct this part of the study. Retailer B permitted us to position a female research assistant
(RA) in the women’s fitting room area who was able to collect customer-level and item-level data. After
confirming the presence of the inverted-U relationship at retailer B (see Appendix B), we used the
observational data collected through our field study to tease out the mechanisms driving the inverted-U
relationship. Next, we provide background about retailer B and explain the field study design in detail.
6.1. Background about Retailer B and the Field Study Design
We conducted the field study observing customer behavior over a 3 weekend period at one of Retailer B’s
stores located in North Carolina in April and May 2015. Retailer B is a large U.S.-based department store
like retailer A, but there are several differences between these two retailers including merchandise carried,
gross margin, size of stores, and location. This retailer operated around 300 stores in the U.S. as of May
2015 with the average store size being 100,000 sq. ft. The store in which we conducted the field study had
two floors. The first floor was mainly for men’s, children’s apparel, and home goods and the second floor
was primarily for women’s apparel, accessories, shoes, and cosmetics. Among other differences between
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retailers A and B, the fitting room layout was noteworthy. Unlike the store of retailer A that had one
fitting room area with 16 rooms co-located at the center of the store (i.e., centralized fitting room layout,
top picture in Figure 2), the studied store of retailer B had multiple smaller fitting room areas (i.e.,
decentralized fitting room layout, bottom picture in Figure 2) with 3–4 rooms inside each area. For
example, Polo Ralph Lauren in the men’s apparel section had its own fitting room area, with 4 rooms.
We chose to study the women’s fitting rooms based on a consultation with the store manager who had
indicated that these rooms tended to be congested during peak hours. We chose two fitting room areas
containing 3–4 rooms each, one on the first floor (4 rooms) and the other on the second floor (3 rooms),
where the apparel categories and brands around these areas were similar. We chose weekends for our
study because we found limited evidence of congestion during weekdays in our preliminary observation.
On average, this store had higher traffic on Saturdays compared to Sundays. Both fitting room areas had
their own checkout counters nearby (see the bottom picture in Figure 2), where we collected POS
information.
A female RA stationed in the fitting room area collected customer-level data during the hours 12PM–
6PM for four days spanning three weekends. She observed customers entering the fitting room area on
two Saturdays and two Sundays. She recorded the times of entry in and exit from the fitting room, the
number of clothes customers were carrying, and group size if a customer entered the fitting room with
others. Since the RA could not interact with customers, the number of clothes carried by customers was
only an estimate based on visual inspection. To relax the concern about human error in counting the
number of customers entering the fitting room area, we installed a traffic counter at the entrance of the
area on one day and compared it with the numbers recorded by the RA. The numbers were accurate.
One challenge in running customer-level analysis was to determine if each individual customer
perceived the store to be congested or not when they decided how many clothes to take into the fitting
room. This would help us determine if customers who believed the store to be congested took more items
into the fitting room compared to those who did not. Customers’ belief about congestion may depend
upon the number of visible customers in the store who were entering or leaving it, the length of the
cashier line, and the number of customers who were shopping alongside them in the same area of the
store. Since these factors were hard to measure, we adopted an alternate metric as a proxy for when a
customer may have encountered congestion in the store. We tracked the number of occupied fitting rooms
when a customer entered the fitting room and used that to define our measure of congestion. Specifically,
if a customer occupied the last available room or had to wait to get a fitting room, we assumed that this
customer perceived congestion in the store.
Using this definition of congestion based on the occupancy rate of the fitting rooms, we compared the
following two metrics for customers who experienced congestion to those who did not, using a two-
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sample t-test: (1) number of items carried into the fitting room; and (2) time spent in the fitting room.
These tests can provide evidence for thwarting behavior: Customers who experienced congestion would
bring more clothes into the fitting rooms and occupy the rooms longer.
In addition to collecting observations about individual customers, we also collected item-level data to
provide evidence for another example of thwarting behavior where customers could leave behind more
items in fitting rooms during congested periods. Leaving behind more items in the fitting room can
increase the workload of fitting room associates who need to recover these items to the right place or
increase lost sales if they happen to be the last item in the store. In the store we studied, we found that the
fitting room associates did not recover items more frequently during congested periods. Instead they were
diverted to other customer-facing tasks in the store. So, we focused on measuring the number of items
left-behind in the fitting rooms and the magnitude of phantom stockouts among those items, where a
phantom stockout is defined as the proportion of misplaced items that are the only available items of their
type (i.e., unique SKU) in the store.
We could not observe the number of items left-behind by each customer directly as this would require
us to visit the fitting rooms each time a customer exited, which was disruptive to customer service when
there were other customers waiting to use those rooms. Therefore, we used an alternative approach to
obtain a proxy for the number of items left-behind by each customer. Retailer B followed a two-step
process to recover items left-behind in the fitting rooms back to their correct shelves. One associate was
assigned to clean the fitting rooms periodically (every 30 minutes) and to bring the misplaced items to a
recovery rack located outside the fitting room area. Once the clothes were in the recovery rack, the same
associate or another one moved those items to the correct shelves at their discretion or after 7PM on the
same day, when the store traffic was less.
In order to determine the number of items left-behind by customers, we counted the number of
misplaced items present on the recovery rack every ten minutes from 12PM to 6PM on a Saturday and a
Sunday. Since we knew the number of customers who used the fitting rooms during this time period, we
were able to calculate the average number of items left-behind by each customer. Since this analysis
precluded the identification of congestion level experienced by each individual customer, we put together
customers into two groups; those who shopped on Saturday and those who shopped on Sunday, with the
assumption that those who shopped on Saturday experienced congestion while those on Sunday did not.
Using this definition of congestion, we performed a two-sample t-test to determine if customers who used
fitting rooms during congested periods left behind more clothes in the fitting room compared to those
who used fitting rooms during non-congested periods.

18

We also measured the magnitude of phantom stockouts among items left behind in the fitting room in
the subsequent weekends to examine the impact of this thwarting behavior on lost sales. We did so by
scanning each item left-behind in the fitting room using a POS scanner.
6.2. Results
6.2.1. Thwarting behavior 1: Bringing more clothes into fitting rooms increases waiting time for
other customers. We observed a total of 209 customers over 24 non-continuous hours spanning three
weekends. Table 7 shows results of the two-sample t-test with an assumption of both equal and unequal
variances between two groups. We found that customers brought an average of 4.38 items into the fitting
room when they did not experience congestion, whereas they brought an average of 5.76 items into the
fitting room when they experienced congestion. In other words, customers who entered the last available
fitting room or waited to use the fitting room brought additional 1.38 clothes into the fitting room (p<0.01)
as they were expected to experience congestion. It also requires customers to occupy fitting rooms longer.
They occupied fitting rooms 1.87 minutes longer (112 seconds, p<0.05) when they experienced
congestion. Thus, we found support for our first argument that the waiting time for other customers
increased during congested periods as customers took more clothes into the fitting rooms to try on. This is
one example of thwarting behavior as customers change their behavior when they experience congestion
(i.e., bringing more clothes and, so, occupying a room longer) and impose a negative externality on other
customers (i.e., an increase in waiting time for others).
We performed several robustness checks. We conducted a two-sample t-test on each floor separately
and obtained consistent results. We also compared the average number of items brought by customers into
the fitting room and time spent by them in the fitting room by each state of fitting room occupancy.
Comparing to low fitting room occupancy (e.g., 0 or 1 occupied rooms when a customer entered a fitting
room), we still find that customers who entered the fitting room at the high fitting room occupancy state
(i.e., 3 or 4 for the fitting room area on the 1st floor and 2 or 3 for the fitting room area on the 2nd floor)
carried more items and occupied a fitting room longer. Finally, we simply compared the average number
of clothes brought by customers into the fitting room and time spent by them in the fitting room on
Saturday (high traffic) with those on Sunday (low traffic) and obtained similar results.
6.2.2. Thwarting behavior 2: Leaving behind more clothes in fitting rooms increases chance of
lost sales due to phantom stockouts. We collected data on the number of misplaced items on the
recovery rack every ten minutes from 12PM to 6PM on one weekend. So, we had 72 measurements in
total. Figure 4 shows the trajectory of misplaced inventory. The vertical axis represents the number of
items on the recovery rack (i.e., misplaced inventory) and the horizontal axis is time, in ten-minute
interval from 1 through 36. The numbered arrows below the horizontal axis indicate the time at which an
associate brought out misplaced items from the fitting room to the recovery rack and the number of those
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items. For example, an associate entered the fitting room between 12:20PM and 12:30PM, brought 33
items out on this Saturday. We observed that the associates were able to clean the fitting rooms regularly
at the beginning of the day, but fell behind during a period of congestion: No cleanup was done between
3PM and 5PM, resulting in 70 items misplaced in the fitting rooms during those two hours. By contrast,
associates were able to clean up the fitting rooms much better on Sunday (a lower-traffic day). On
average, there were 45 (p<0.01) more misplaced items on the recovery rack on Saturday (average of
64.47 with a maximum of 156, n=36) than Sunday (average of 19.36 with a maximum of 44, n=36).
The number of items remaining in the recovery rack is an inflow (i.e., the number of items left-behind
in the fitting rooms moved to the recovery rack) minus an outflow (i.e., the number of items re-shelved
from the recovery rack to the correct place). In order to estimate the average number of items left-behind
in the fitting room by each customer, we focused on the inflow as customers’ behavior change should
only affect the inflow, not outflow. To do so, we calculated the maximum between the number of items
brought from fitting rooms to the recovery rack by an associate and the change in the number of
remaining items in the recovery rack in two consecutive times. For example, there were 12 and 35 clothes
in the recovery rack at 12:20PM and 12:30PM on this Saturday, respectively, while an associate brought
33 items out from fitting rooms in this ten minute interval. In this case, we obtained 33 (i.e., max(33, 3512=23)) to rule out the outflow; i.e., the number of items re-shelved to the right location. Then, we
cumulated this metric to measure the total number of items left-behind by all customers who used fitting
rooms till that point in time. We finally obtained the average number of items left-behind in the fitting
room per customer by dividing the cumulative number of items left behind by the cumulative number of
customers who used fitting rooms lagged by 10 minutes, as customers spent an average of 10 minutes in a
fitting room.
Using this metric, we compared the average number of items left-behind in the fitting room per
customer on Saturday with that on Sunday. We had 35 observations per day because of the 10-minute lag.
On average, customers left behind 3.05 items more in the fitting room on Saturday compared to Sunday
(4.95 vs. 1.90, diff=3.05, p<0.01). This metric may be biased downwards for the following reasons. First,
an associate may not be able to clean up misplaced items in an occupied fitting room when she entered
the fitting room area to clean. Second, associates prioritized helping customers directly and they cleaned
fitting rooms only when they were available so the cleaning frequency would decline when stores were
crowded. Since both these issues are expected to be more pronounced on Saturdays compared to Sundays,
we expect our metric to be biased downwards more on Saturday compared to Sunday making our results
conservative.
We also performed a robustness check with the following alternate metric. We divided the cumulative
number of items that an associate brought out from the fitting rooms by the cumulative number of
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customers who used fitting rooms. Then we compared the average of this metric on Saturday with that on
Sunday and obtained consistent results (3.84 vs. 1.58, diff=2.26, p<0.01). Compared to the previous
metric, we note that this metric only considers the number of items left-behind in the fitting room, not the
number of items left on the recovery rack directly by customers.
Having established that customers left behind more clothes in the fitting room during congested
periods, we next turned our attention to the magnitude of phantom stockouts among those misplaced
items. If the misplaced items in the fitting rooms happen to be the last available items in the store then
lost sales can occur due to phantom stockouts. To check the magnitude of phantom stockouts among
those misplaced items in the fitting room, we scanned 559 items in the recovery rack over another 12 hour
period across two days (Table 8). Among 559 misplaced items, we found that 38.6% (216 items) were
unique items (i.e., inventory of one) in the store. In other words, 38.6% of the items left-behind in the
fitting rooms experienced phantom stockouts. We also found that 34.7% of the misplaced items in the
fitting rooms had only one additional unit of inventory in the store according to the POS system. Since
inventory records were updated once a day, it was likely that many of these items might be the last units
of inventory in the store, making our estimate of 38.6% phantom stockouts conservative.
This volume of phantom stockouts can be especially costly to retailers if the misplaced items have
high margins, so we next compared the margins of items misplaced in the fitting rooms with the margins
of other items in the immediate sales area. We collected price information for items left in the fitting
rooms over a six hour period on a second day. In addition, we also collected information on size,
clearance item or not, and the number of swimsuits because the store manager suspected that phantom
stockouts could be driven by these factors. Of the 336 misplaced items in day 2 (Table 8), we found 138
items experienced phantom stockouts. Among these 138 items that experienced phantom stockouts, 7%
were clearance items (10 items) and 15% were swimwear (21 items). In addition, phantom stockouts
occurred in all sizes, so they were not restricted to extreme sizes. Our results indicate that the store
manager’s alternative explanation is not likely to justify the large phantom stockouts that we found. The
average price of phantom stockout items was $61.53, with a maximum value of $160. Using price data
for all SKUs in the immediate selling floor near the fitting room area, we found the average price of 3,200
SKUs to be $46. This indicates that the items left behind in fitting rooms were indeed high-value items
with significant opportunity costs. Hence, together with the observation that associates were unable to
replace those misplaced items back to the right shelf during congested periods since they were diverted to
customer-facing tasks, our results show that thwarting behavior of customers can cause significant lost
sales for this retailer due to phantom stockouts. Further details about phantom stockouts are available in
the Appendix (see Tables A2 and A3).
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To summarize, we find evidence for two mechanisms that impose negative externalities on other
customers due to the thwarting behavior of customers under congestion. Our results show that customers
carry a few more extra items (1.38) into the fitting rooms and leave more items behind (3.05) during
congested periods compared to non-congested periods. These results suggest a double-whammy effect
where not only do customers purchase less during congested periods but also engage in thwarting
behaviors that reduces the likelihood of purchase by other customers due to an increase in waiting time
and phantom stockouts.

7. Field Experiments: Labor Intervention to Mitigate the Negative Impact of
Congestion
7.1. Motivation and Background
Frei (2006) stated that customer-introduced variability can be managed through accommodation strategies,
where the firm accommodates this variability through staffing additional employees, using automation, or
creating self-service options, as well as reduction strategies, where the firm actively reduces this
variability by using an appointment system, rewards and penalties, or off-peak pricing. In the same vein,
we argue that customers’ thwarting behavior such as their tendency to take more clothes to the fitting
room and leaving more clothes behind during congested periods can either be accommodated or reduced.
Reduction strategy would entail limiting the number of clothes that customers can take into the fitting
rooms. On the contrary, accommodation of thwarting behavior would require managing the increase in
waiting time and phantom stockouts through other means. One way to do so would be to have labor in the
fitting room area who can speed up operations by cleaning up fitting rooms quickly so that they are
available for other customers sooner. In addition, associates would need to recover misplaced inventories
quickly by replacing them back on the correct shelves in order to reduce the phantom stockout rate.
Retailers A and B were more inclined towards accommodation strategies compared to reduction strategies,
so we examined the impact of the former on sales through field experiments. We chose to conduct field
experiments rather than analyzing archival data to infer the impact of additional fitting room labor on
sales because of endogenity concerns that may be prevalent in such estimations (Kesavan and Mani 2015).
Furthermore, field experiments allowed us to demonstrate the impact of labor on sales to the store
managers who had expressed concerns about attributing changes in sales to staffing decisions. One
manager mentioned that “It’s really hard [for me] to attribute that [increased sales] to it [an extra person
in the fitting room].”
Experimental design has had a long history in marketing and consumer research. Some researchers
have used controlled experiments at retail chains to estimate the price elasticity of demand (e.g., Neslin
and Shoemaker 1983). Others have used experiments to study the impact of store environmental variables
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such as music, lighting, behavior of store employees, and store design on consumer behavior (e.g., Baker
et al. 1992). Although these experiments have had a long history, in-store field experiments have not been
that common. Two pioneering papers in operations management used in-store field experiments. Fisher
and Rajaram (2000) described an experimental methodology for testing new merchandise at a subset of
stores prior to launching the product and demonstrated results from application to a women’s apparel
retail chain. Gaur and Fisher (2005) presented an experimental methodology to measure how demand
varies with price, and shared results of its application at a toy retailer. The relation between labor and
store performance, however, has not been examined with in-store field experiments thus far.
7.2. In-Store Field Experiment I at Retailer A
7.2.1. Experimental design. To investigate the effectiveness of accommodating thwarting behavior
through labor intervention, we increased fitting room staffing by one person in a randomly chosen fourhour block per day for ten days in October 2013. The store manager randomly chose the times for the
four-hour block each day. The four-hour block was a minimum shift length to assign an additional
employee at retailer A. So those hours within 10 days that we added an extra associate in the fitting room
area were our treatment. For the control, however, we had some constraints. Retailer A had only one store
where video cameras were installed at the entrance of fitting room area. As a result we could not identify
other stores which could be used as controls. Further, all fitting rooms were co-located in a central area
within the store at retailer A so we could not use other fitting rooms as controls within the same store. We
therefore followed two approaches for our analysis to find matching observations that could play the role
of controls.
In the first approach, we used the remaining hourly observations of the same 10 days that did not get
an extra associate as a control group. We removed two hourly observations per day, just after store
opened (i.e., 9AM) and just before store closed (i.e., 9PM), for the following reasons. First, these two
hours were different from other hours in terms of sales because of smaller traffic. Second, we did not have
any treated hourly observations for these two hours during the experimental period even though a store
manager randomly chose treated hours. An advantage of this approach was that both treatment and
control groups would have identical date-specific factors such as promotions and weather, and storespecific factors such as management team, associates, and clothes displayed in the store. One
disadvantage of this approach was the possible difference in traffic among treatment and control groups.
Hence, as an alternative, we followed a regression based approach to control for these covariates.
We confirmed that the experiment was run as scheduled by collecting information on the actual
staffing to determine compliance to scheduled staffing. During this reconciliation, we discovered that the
store did not increase labor on one of the ten days, so our effective sample size (of treatment) reduced to
36 hours across 9 days. Comparison of the scheduled labor data with actual labor also helped us ensure
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that the person was not scheduled in a different part of the store and was moved to the fitting room during
the experiment as this could confound our analysis.
7.2.2. Results. Table 9 shows sample statistics for both treatment and control groups and results of
the two-sample t-test with an assumption of both equal and unequal variances between two groups. By
comparing the mean of these two groups, we found that increasing labor in the fitting room area by one
person increased store sales per hour by $514.05 (p<0.05) and the number of transactions per hour by
12.34 (p<0.05), respectively. Given that the wage rate was less than $15 per hour and the gross margin of
retailer A was about 43%, we show that this increase in labor in the fitting room area would be profitable.
As a robustness check, we ran two-sample t-test without removing two hours per day as explained earlier
and obtained consistent results.
As shown in Table 9, the treatment and control groups were similar in all aspects, except traffic which
was higher in the treatment group; hence, we performed a regression based approach to control for this
covariate. Table 10 shows the regression analysis results. Consistent with the previous method that did
not control for traffic, we found an increase in hourly store sales by $475.19 (p<0.01), as it increased
transactions per hour by 16% (11.52, p<0.01). This was equivalent to increasing sales per hour by 19.02%
for this store. As a further robustness check, we used various matching techniques to select the
comparison units from historical data that were most comparable to the treated units such as propensity
score matching and obtained consistent results.
We expected the sales increase to be driven by the speed-up of the recovery operations of misplaced
items in the fitting room area by the additional associate. We viewed the video of the fitting room
operations to confirm that the fitting room associates replaced the clothes back to the shelves.
Alternatively, it was also possible that the extra associate might have increased sales by direct interaction
with the customers. We were unable to rule out this alternative explanation as we were not able to be
present in this store during the experiment. So, we ran another experiment subsequently at retailer B
where we had greater control over the experiment as discussed in the next section.
7.3. In-Store Field Experiment II at Retailer B
7.3.1. Experimental design. Our research setup at retailer B offered the following benefits. First, we
had proper treatment and control fitting room areas as retailer B’s store had over 20 fitting room areas,
each with 3–4 rooms, to choose from. Second, we had greater control over the duties of the additional
fitting room associate and were able to monitor her compliance throughout the experiment period.
Consistent with mechanisms that we identified in section 6, we asked the associate to focus on speeding
up fitting room operations by cleaning up rooms after customers leave and removing those misplaced
items back to the recovery rack. We instructed the associate not to directly engage with customers to help
pick alternate clothes or discuss product choices with them. Third, obtaining consistent results across
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different retail chains with different populations, fitting room layouts, merchandise and management
allowed us to demonstrate the robustness of our findings.
We added an associate in the fitting room area for three weekends in April and May 2015 from 12PM
to 6PM. On one of the days, we could find the additional associate for only 5 hours, so our total number
of hourly (treatment) observations was 35. Among 20 alternative fitting room areas in the store, we chose
two fitting room areas, one from the first floor and the other from the second floor, where the apparel
categories and brands around the two fitting room areas were similar. By choosing fitting rooms on two
different floors, we were able to avoid cases in which customers might drift from one fitting room area to
the other, causing our treatment and control groups to become invalid. We rotated implementation of the
treatment between these two fitting room areas to remove any room-specific effects. Table 11 shows the
design of the experiment, which lasted for a total of four weeks, including post-experimental period. We
collected our last week of data in the absence of the associate, to further confirm that we were not
capturing an overall time-trend effect. For the output variable, we obtained hourly sales data from each
checkout counter near the studied fitting room areas to compare sales performance.
We rotated the treatment between fitting room areas in the first and second floor to address concerns
about spillover as well. As this store had over 20 fitting room areas, it was possible for customers to select
clothes in one section and to use a fitting room in a different section in the second floor. However, the
women’s fitting room area in the first floor was surrounded by home goods and men’s apparel section
where only men’s fitting rooms were available. Such spillovers were unlikely in the first floor, so we
verified the positive impact of labor in this fitting room area on sales separately to ensure that our results
were not impacted by spillovers. Our experimental design allowed us to control for date-specific factors
such as promotions and weather, store-specific factors such as management team, associates, and clothes
displayed in the store, and hourly-varying factors as we compared two fitting room areas in the same hour,
day, and store.
We used the difference-in-differences (DiD) estimator to measure the impact of the fitting room
employee on sales in the corresponding checkout counter. The critical assumption underlying the DiD
estimator is the existence of a parallel trend: That is, the two groups would follow the same trend in the
absence of treatment. In our context, because the control and treatment fitting room areas were very
similar in terms of products displayed around them and they were located in the same store (but on
different floors), it was highly likely that the parallel trend assumption held. We also found evidence of a
parallel trend from the statistical tests of difference in trends across these fitting room areas.
If the null hypothesis is that, without treatment, sales generated by the fitting room on the 1st floor (or
2nd floor) over sales generated by the fitting room on the 2nd floor (or 1st floor) is constant, then we could
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use the following regression to examine the effect of treatment, where the treatment alternates between
two fitting room areas.
𝑆𝑎𝑙𝑒𝑠!"! = 𝛼! + 𝛼! 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡!"! + 𝛼! 𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛! + 𝛼! 𝑆𝑒𝑐𝑜𝑛𝑑𝐹𝑙𝑜𝑜𝑟 𝐷𝑢𝑚𝑚𝑦

(2)

+ 𝛼! 𝐻𝑜𝑢𝑟 𝐷𝑢𝑚𝑚ies + 𝛼! 𝐷𝑎𝑡𝑒 𝐷𝑢𝑚𝑚𝑖𝑒𝑠 + 𝜀!"!
where subscript f denotes floor, d denotes date, and h denotes hour. 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡!! = 1 for additional
associate in the first floor for weekends in weeks 1 and 3 and for the second floor for a weekend in week
2 from 12PM to 6PM; otherwise, it equals zero. The coefficient of interest is 𝛼! , which can be interpreted
as the sales change due to treatment. We controlled for other factors that might affect sales. First, we
controlled for product promotion. During the study period, we had one large promotion, around Mothers’
Day. Second, we controlled for seasonality, as sales might fluctuate, by adding hour dummies and date
dummies in the model (Model 1 in Table 12). In the alternative model, we replaced date dummies by
week dummies, day-of-week dummies, and month dummies (Model 2 in Table 12).
7.3.2. Results. Table 12 shows that an increase in sales for the checkout counter in front of the treated
fitting room area due to an additional associate in the fitting room area varied from $155.88 (p<0.01,
Model 1) to $146.92 (p<0.01, Model 2), depending on control variables included in the regression. We
found that the $146.92 increase in sales constituted a 17.7% increase in average hourly sales at this
checkout counter during peak hours. Similar to the first experiment, we can conclude that an addition of
associate at this retailer also yielded a positive ROI since retailer B’s gross margin was 40% and the
average hourly wage was less than $15.
To sum up, we find that an accommodative strategy (Frei 2006) using labor intervention is, at least
partially, effective at mitigating the negative effects of thwarting behavior.

8. Managerial Implications and Conclusion
This paper identifies a new problem, i.e., the negative impact of congestion (using archival data at retailer
A), demonstrates the mechanisms driving the problem (using observational data from field study at
retailer B), proposes a solution to the problem, and discusses its implementation at two different retailers
(using field experiments at retailers A and B).
Our study had direct managerial impact at both retailers. At retailer A, the COO presented our results
to his board of directors. The board wanted to perform a pilot in more stores to validate our results, so the
retailer ran a pilot in 10 stores and found that the conversion rate increased by 2.1% when an additional
person was assigned to work in the fitting room area during peak hours. We were not part of this pilot or
its data analysis, so this retailer independently verified our results. After validating our study’s results,
this retailer decided to increase labor in its fitting rooms by one person during peak hours in all of its
stores across the nation.
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Our study also demonstrated the need for excellence in store execution by showing a large magnitude
of phantom stockouts at retailer B when the fitting rooms were not well attended. Although retailer B’s
management were aware of the challenges posed by misplaced inventory, they had no clear idea about the
root cause of this problem. Retailer B had therefore followed a policy of re-shelving items on the recovery
racks just before the store closed. Our study showed that such a policy would lead to significant phantom
stockouts on congested days, leading to lower sales. In response to our findings, retailer B changed its
policy to continuously monitor fitting rooms and to pay special attention to them during congested hours.
Other aspects of our findings can be further generalized to other retailers and other organizations in
different industries. First, we identify thwarting behavior, which is a change in customer’s behavior
during congested periods that induces negative externalities on other customers, in the fitting room (i.e.,
an example of self-service environments) where customers themselves determine their service speed.
Recent studies (see, for example, Gavett 2015 and references therein) show that self-service technologies
can benefit sales. However, we find that sometimes self-service can hurt store sales. Thwarting behavior
of customers during congested periods exacerbates the negative impact of congestion by imposing
negative externalities on other shoppers through increased waiting time and phantom stockouts.
Customers might exhibit thwarting behavior when they experience congestion in other self-service
environments as well (e.g., all-you-can-eat buffet). We might also be able to observe thwarting behavior
of customers even in other traditional settings without self-service. In a call center setting, for example,
callers who waited for a long time before their call was answered may ask more questions to the agent to
ensure they don’t need to call back again. This behavior change may increase waiting time for other
callers. So, organizations could potentially optimize their operational decisions like staffing by
considering such thwarting behavior of customers.
Second, we demonstrate the value of accommodation strategy (Frei 2006) to deal with thwarting
behavior during congested periods by increasing service rate and recovering misplaced items quickly in
the fitting room using an additional store associate. Clearly, this is not the only approach to do so.
Automation is another way to accommodate thwarting behavior. For example, Hointer, a U.S.-based retail
start-up, is using robots to increase its service rate by sending customers’ selections directly to the fitting
room on a steel cable. Unused items are removed when customers drop them down a chute. Another
approach to counter thwarting behavior would be to train customers to be expedient and to put unwanted
items on the recovery rack instead of leaving them in the fitting room. Frei (2008) states that there are
many instrumental (i.e., “carrot and stick” approach) and normative (i.e., using shame, blame, and pride)
techniques available to train customers. However, as pointed out by Moon and Frei (2000), this approach
must be used with caution, as it can overwhelm or annoy customers, leading them to avoid self-service
options. One common approach followed by many retailers is a reduction strategy to limit the number of
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clothes that can be taken into the fitting room. Further research can examine and compare the
effectiveness of each strategy for handling thwarting behavior.
Third, our paper offers insights to reducing understaffing in retail stores in a profitable manner. Mani
et al. (2015) find that retail stores are chronically understaffed during peak hours. One reason could be
that retailers tend to be budget-driven and view labor as a short-term expense rather than as a driver of
sales (Ton 2009; Fisher and Raman 2010). Our study demonstrates that the cost of having an extra
associate in the fitting room area could pay for itself and even more from the increase in sales. Using
gross margins of 43% for retailers A and 40% for retailer B and less than $15 hourly wage for an
associate, having an associate in the fitting room added $6,813 (i.e., $189.3 per hour) and $1,5332 (i.e.,
$43.8 per hour) to retailer A and B’s bottom line, respectively, during our experimental period.
Like other empirical studies, our research has limitations related to data availability. Our store traffic
and fitting room traffic data capture the total number of visits, not the number of visits by unique
customers. In other words, if fitting room users make multiple trips to the store, they would be counted as
multiple visits. We also note, however, that our results are conservative, as we currently assume one visit
per customer. If customers must make multiple visits before making their purchase, the impact of
congestion on sales would be larger. Also, no extant technologies allow retailers to distinguish group
shoppers, who may arrive with friends or family members to simply observe and offer opinions rather
than to make purchases themselves, from single shoppers. This could cause measurement error in our
variables for retailer A, but is not relevant for retailer B, where we observed every customer and
identified group shoppers. Thus, our data analysis at retailer B relaxes some of these concerns.
We also did not possess detailed background information about store associates such as store manager
tenure, employee experience, knowledge, and education, all of which affect store sales performance.
Finally, we have no data on customers’ demographic characteristics, such as the number of women, men,
or children entering the store, which could potentially help to sharpen our results, as well.
Future research could have a number of venues. Our paper identifies new phenomenon of thwarting
behavior that needs to be studied further in light of growing number of retailers using self-service
operations. It would be interesting to understand the causes of thwarting behavior and ways to manage it.
For example, how is the thwarting behavior linked to the patience threshold of customers? Researchers
have pointed out that it is important for the OR and OM community to incorporate findings in behavioral
literature in the design of queueing systems for service firms (Bitran et al. 2008). We hope that this new
phenomenon identified in our paper, thwarting behavior, is considered in the design of queueing systems
especially in the context of self-service operations.

2

($475×43% gross margin – $15)×36 hours (retailer A) and ($147×40% gross margin – $15)×35 hours (retailer B)
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Tables and Figures
Figure 1: Consumer Purchase Decision Process (Kotler and Armstrong 2001)

Problem
Recognition

Information
Search

Evaluation of
Alternatives

Purchase
Decision

PostPurchase
Evaluation

Figure 2: Fitting Room Areas
(Retailer A: Centralized fitting room layout)

Note. Fitting rooms are located at the center of the store. This store has 16 fitting rooms in total.
(Retailer B: Decentralized fitting room layout)

Note. Fitting rooms are located near each brand. This fitting room area has 3 rooms in total.
Figure 3: Distinguishing Incoming from Outgoing Traffic
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Note. There are two outlines above: Closer to the entrance and farther from the entrance. Any customer
who goes through both is counted. For example, customers who go through the former outline and then
the latter one are counted as in-count traffic, and vice versa.
Figure 4: Trajectory of Misplaced Inventory
Saturday (High traffic)

Sunday (Low traffic)

Note. Vertical axis represents the number of items on the recovery rack. The horizontal axis represents
time, as 10-minute intervals between 12PM and 6PM. Each numbered arrow below the horizontal axis
denotes (1) the time at which an associate cleans up the fitting rooms and (2) the number of clothes she
brings out. Circle dots represent cumulative fitting room traffic and triangle dots represent cumulative
fitting room traffic plus the number of customers left because rooms are full.
Table 1: Summary Statistics of the Variables
Variable name
Mean
Std. dev.
Median
𝑆𝑎𝑙𝑒𝑠!!
1891.94
1323.98
1628.40
𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛!!
53.96
33.28
49
𝐴_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
111.63
71.49
96
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
66.15
41.53
57
𝐹𝑖𝑡_𝐸𝑚𝑝!!
0.62
0.52
1
𝑂𝑡ℎ𝑒𝑟_𝐸𝑚𝑝!!
8.04
3.23
7
𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛!
0.24
0.43
0
Note. Number of observations is 5318. Hour block, Day of week and monthly dummies are omitted.
Table 2: Pearson Correlation Coefficients
(1)
(2)
(3)
(4)
(5)
(6)
(7)
1 𝑆𝑎𝑙𝑒𝑠!!
1.00
2 𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛!!
0.94
1.00
3 𝐴_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
0.87
0.90
1.00
4 𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! 0.71
0.70
0.80
1.00
5 𝐹𝑖𝑡_𝐸𝑚𝑝!!
0.39
0.42
0.40
0.37
1.00
(6) 𝑂𝑡ℎ𝑒𝑟_𝐸𝑚𝑝!!
0.52
0.57
0.58
0.36
0.34
1.00
1.00
(7) 𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛!
0.09
0.15
0.14
0.10
0.09
0.20
Note. For every pair of variables, the table provides the Pearson’s correlation coefficient and its p-value
for the hypothesis H1: 𝜌 ≠ 0. Bold denote statistical significance at the 1% level. Hour block, Day of
week and monthly dummies are omitted.
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Table 3: Inverted-U Relationship (Retailer A)
Dependent Variable:
Sales (𝑺𝒂𝒍𝒆𝒔𝒕𝒉 )
Transaction (𝑻𝒓𝒂𝒏𝒔𝒂𝒄𝒕𝒊𝒐𝒏𝒕𝒉 )
Model 1
Model 2
Model 3
Model 4
6.43***
0.10***
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
(0.77)
(0.02)
!
-0.03***
-0.0008***
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
(0.003)
(0.00006)
16.13***
13.88***
0.48***
0.45***
𝐴_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
(0.34)
(0.46)
(0.007)
(0.009)
!
-0.006***
0.001
-0.0003***
-0.0002***
𝐴_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
(0.0008)
(0.001)
(0.00002)
(0.00002)
29.93
16.87
1.82***
1.47***
𝐹𝑖𝑡_𝐸𝑚𝑝!!
(18.73)
(18.56)
(0.38)
(0.37)
25.44***
22.21***
1.00***
0.91***
𝑂𝑡ℎ𝑒𝑟_𝐸𝑚𝑝!!
(3.70)
(3.67)
(0.07)
(0.07)
-130.82***
-133.33***
-0.37
-0.27
𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛!
(24.66)
(24.42)
(0.50)
(0.49)
Hour block, Day of week, &
Yes
Yes
Yes
Yes
Monthly dummies
Number of observations
5318
5318
5318
5318
2
Adjusted R
0.8110
0.8153
0.8785
0.8834
Note. *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
Table 4: Robustness Checks for Inverted-U Relationship (Retailer A)
Sales Equation
Transaction Equation
Value
Slope
p-value
Value
Slope
p-value
Minimum value
1.5
6.33
0.000
1.5
0.10
0.000
Peak point – 1 SD
54.24
2.79
0.000
25.73
0.06
0.000
Peak point
95.77
0
0.99
67.26
0
0.99
Peak point + 1 SD
137.30
-2.79
0.000
108.78
-0.06
0.000
Maximum value
376
-18.82
0.000
376
-0.47
0.000
Note. The p-values are based on one-tailed test on whether the slope is >0 or <0.
Table 5: Robustness Checks Using Quantile Regressions (Retailer A)
Dependent Variable:
Sales (𝑺𝒂𝒍𝒆𝒔𝒕𝒉 )
Transaction (𝑻𝒓𝒂𝒏𝒔𝒂𝒄𝒕𝒊𝒐𝒏𝒕𝒉 )
25%
50%
75%
25%
50%
75%
6.52***
5.04***
5.02***
0.07***
0.11***
0.07***
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
(1.24)
(1.33)
(1.32)
(0.02)
(0.02)
(0.02)
!
-0.03*** -0.02*** -0.02*** -0.0005*** -0.0009*** -0.0006***
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
(0.008)
(0.009)
(0.007)
(0.0002) (0.0002) (0.0001)
Number of observations
5318
5318
5318
5318
5318
5318
2
Psedo-R
0.5101
0.5612
0.6269
0.6363
0.6710
0.7292
Note. The following control variables were included in all of the regressions: hour block dummies, day of
week dummies, monthly dummies, average traffic and its squared, fitting room employee, employees in
the rest of the store, and promotion indicator.
*, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table 6: Robustness Checks Using Spline Regressions (Retailer A)
Dependent Variable:
Sales (𝑺𝒂𝒍𝒆𝒔𝒕𝒉 )
Transaction (𝑻𝒓𝒂𝒏𝒔𝒂𝒄𝒕𝒊𝒐𝒏𝒕𝒉 )
Two knots
Three knots
Two knots
Three knots
2.21**
3.78***
0.03*
0.09***
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! 1
(0.88)
(1.22)
(0.02)
(0.02)
-1.58***
-0.24
-0.08***
-0.07***
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! 2
(0.41)
(0.97)
(0.01)
(0.02)
-1.77***
-0.08***
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! 3
(0.48)
(0.01)
Number of observations
5318
5318
5318
5318
Adjusted R2
0.8117
0.8119
0.8809
0.8812
Note. The following control variables were included in all of the regressions: hour block dummies, day of
week dummies, monthly dummies, average traffic and its squared, fitting room employee, employees in
the rest of the store, and promotion indicator.
*, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
Table 7: Impact of Congestion on the Number of Items and Time Spent in the Fitting Room
Mean (Std. dev.)
# obs
Number of items brought
Time spent in the fitting
(N=209)
into the fitting room
room (Seconds)
Non-congestion
143
4.38 (2.87)
490.45 (373.58)
Congestion
66
5.76 (3.56)
602.61 (332.58)
Difference
-1.38
-112.16
t-test
p-value of H1 (Diff < 0)
Equal (unequal) variances
0.0016 (0.0034)
0.0191 (0.0155)
Congestion: fitting room occupancy of 3 & 4 for the first floor and 2 & 3 for the second floor.
Non-congestion: fitting room occupancy of 0, 1, & 2 for the first floor and 0 & 1 for the second floor.
Table 8: Phantom Stockouts
# of items
# of available items in the store
Total items
(%)
1
2
3
4
Over 5
Day 1
223 (100%) 78 (34.98%)
88 (39.46%) 25 (11.21%) 16 (7.17%)
16 (7.17%)
Day 2
336 (100%) 138 (41.07%) 106 (31.55%) 55 (16.37%) 22 (6.55%)
15 (4.46%)
Total
559 (100%) 216 (38.64%) 194 (34.7%) 80 (14.31%)
38 (6.8%)
31 (5.55%)
Note. Day 1 is Sunday and day 2 is Saturday. Detailed information (e.g., price) is obtained in day 2.
Table 9: Treatment vs. Control (Retailer A)
Mean (Std. dev.)
Equal (unequal) variances
N=99
Treatment (N=36) Control (N=63) Difference
p-value of H1 (Diff > 0)
2500.93 (1200.08) 1986.89 (974.93)
514.05**
0.0113 (0.0162)
𝑆𝑎𝑙𝑒𝑠!!
66.94 (25.80)
54.60 (25.54)
12.34**
0.0117 (0.0122)
𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛!!
65.45 (30.33)
59.42 (27.39)
6.04
0.1564 (0.1637)
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
120.44 (43.68)
98.83 (40.21)
21.62***
0.0072 (0.0087)
𝐴_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
0.57 (0.60)
0.71 (0.69)
-0.14
0.8380 (0.8473)
𝐹𝑖𝑡_𝐸𝑚𝑝!!
5.28 (1.53)
5.19 (1.56)
0.09
0.3809 (0.3804)
𝑂𝑡ℎ𝑒𝑟_𝐸𝑚𝑝!!
0.33 (0.48)
0.33 (0.48)
0
.
𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛!
Control: Current staffing practice. Treatment: Having an additional associate in the fitting room area.
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Table 10: Impact of an Additional Associate in the Fitting Room Area on Store Performance
(Retailer A)
Dependent Variable:
Sales (𝑺𝒂𝒍𝒆𝒔𝒕𝒉 )
Transaction (𝑻𝒓𝒂𝒏𝒔𝒂𝒄𝒕𝒊𝒐𝒏𝒕𝒉 )
475.19***
11.52***
𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡!!
(108.67)
(2.18)
6.48***
0.10***
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
(0.76)
(0.02)
!
-0.03***
-0.0008***
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
(0.003)
(0.00006)
13.76***
0.44***
𝐴_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
(0.46)
(0.009)
!
0.001
-0.0002***
𝐴_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
(0.001)
(0.00002)
20.94
1.59***
𝐹𝑖𝑡_𝐸𝑚𝑝!!
(18.26)
(0.37)
16.59***
0.77***
𝑂𝑡ℎ𝑒𝑟_𝐸𝑚𝑝!!
(3.61)
(0.07)
-99.96***
0.61
𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛!
(23.69)
(0.47)
Hour block, Day of week, & Monthly dummies
Yes
Yes
Number of observations
5461
5461
Number of treatments
36
36
2
Adjusted R
0.8126
0.8812
Note. *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
Table 11: Experiment Design (Retailer B)
Fitting room on the 1st floor
Fitting room on the 2nd floor
Week 1
Treatment
Control
Week 2
Control
Treatment
Week 3
Treatment
Control
Week 4
Control
Control
Control: Current staffing practice. Treatment: Having an associate in the fitting room area.
Table 12: Impact on Sales of an Associate in the Fitting Room Area (Retailer B)
Dependent Variable: Hourly Sales
Model (1)
Model (2)
Treatment
155.88***
146.92***
(49.62)
(49.84)
Promotion
900.18***
944.46***
(98.10)
(90.19)
Second Floor
-24.96
-25.32
(20.29)
(20.63)
Hour dummies
Yes
Yes
Date dummies
Yes
No
Week, Day of week, & Month dummies
No
Yes
Number of observations
648
648
Number of treatments
35
35
2
Adjusted R
0.4376
0.4181
Note. *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Appendix
Appendix A: Queueing Models related to Hypothesis 1a
In this section, we use traditional queueing theory to motivate Hypothesis 1a in section 3 to generate
predictions on relationship between fitting room traffic and sales. One commonly used model is the
simple M/M/1 queueing model which assumes that customers are passive so they wait to receive service
and leave. Another commonly used model is one where customers are assumed to exhibit a limited
strategic behavior through balking and/or reneging.
Consider a department store. Without loss of generality, we assume that every customer who visits
the store must decide whether to join the queue (and wait) for using a fitting room before purchasing or to
balk. We further assume no reneging in the main model to obtain closed-form solutions but we check that
the propositions hold even in the presence of reneging. Customers observe the length of queue in front of
the fitting room, and then make a joining decision based on this information. In our empirical setting,
customers can observe the length of queue when they enter the fitting room area and then decide to join or
to balk. To capture this scenario, we develop a queueing model where state is defined by the number of
customers in the system.
Let 𝑞! and 𝛽! be the probability of purchasing and the basket value of customers who use fitting
rooms, respectively. Similarly, 𝑞! and 𝛽! are the probability of purchasing and the basket value when
customers do not use fitting rooms, respectively. We further assume the purchasing probability of fitting
room users is higher than non-users. That is, we assume 𝑞! > 𝑞! . Also, customers who are likely to buy
more expensive merchandise (e.g., formal suit) are more likely to use a fitting room compared to
customers who want to buy less expensive items (e.g., t-shirt) so we further assume 𝛽! > 𝛽! .
Now we construct the queueing model. We define arrival rate and service rate of this system as
follows:
(Effective) Arrival rate
𝜆! = 𝜆𝛾! ,
𝑘 = 0, 1, 2, …
(3)
where 𝜆 is a fitting room arrival rate (i.e., the arrival rate of customers who are willing to use fitting room)
and 𝛾! is a state-dependent fraction to use a fitting room (i.e., probability to join the system). Thus,
1 − 𝛾! is the state-dependent fraction of balking.
Service rate
(4)
𝜇! = 𝜇𝛿! ,
𝑘 = 1, 2, …
where 𝜇 is a service rate in exponential distribution (i.e., baseline service rate) and 𝛿! is the statedependent fraction when the fitting room has 𝑘 customers. The baseline service rate, 𝜇, can either be
increased by increasing capacity or by increasing the number of associates. Since the total number of
fitting rooms is fixed, we assume that capacity is fixed. The state-dependency of service rate arises due to
customer behavior that is driven by the number of customers ahead of them (𝑘). The specific functional
forms of 𝛾! and 𝛿! and their underlying assumptions are discussed under each model.
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For an analysis of each queueing model, we denote 𝑝! be the steady state probability of staying state
𝑘 and derive the expected sales (or the number of transactions) to obtain a prediction on the relationship
between fitting room traffic and store performance.
Passive Customers
We first assume the simple M/M/1 model, where there are only passive customers who do not have any
strategic behavior. Specifically, we assume a fixed arrival rate (𝜆𝛾) by setting 𝛾! = 𝛾 and service rate (𝜇)
by setting 𝛿! = 1 for all 𝑘. In order to get a steady state probability (𝑝! ) we further impose a stability
condition: 𝜆𝛾 < 𝜇 . Then, the steady state probability of staying in state 𝑘 shows that 𝑘 follows a
geometric distribution with rate 1 −
is

!"
!!!"

!"
!

. Thus, the expected number of customers in the fitting room area

.

𝜆𝛾
𝜆𝛾
𝑝! = 1 −
×
𝜇
𝜇
Now we can derive the expected sales as follows:

!

,

𝑘 = 0, 1, 2, …

(5)

𝔼 𝑆𝑎𝑙𝑒𝑠 = 𝔼 𝜆! 𝑞! 𝛽! + 𝜆 − 𝜆! 𝑞! 𝛽!
(6)
= 𝜆𝛾𝑞! 𝛽! + 𝜆 1 − 𝛾 𝑞! 𝛽!
The expected sale is a sum of two sales from fitting room users and non-users. We can express it as
the expected number of transactions by removing 𝛽! and 𝛽! from the above equation.
Proposition 1.
Expected sales (or the number of transactions) increases linearly with fitting room arrival rate as
i)

𝜕𝔼 !"#$%
𝜕𝜆

= 𝛾𝑞! 𝛽! + 1 − 𝛾 𝑞! 𝛽! > 0 and ii)

𝜕2 𝔼 !"#$%
𝜕𝜆2

=0

Note that the sufficient condition is 𝑞! 𝛽! ≥ 𝑞! 𝛽! . As shown in Proposition 1, we find that the simple
M/M/1 model with passive customers predicts that sales linearly increase with fitting room traffic and
then flatten.
Discouraged Arrival Rate
Here we consider the simple M/M/1 model with discouraged arrival rate (i.e., state-dependent balking),
where customers have limited strategic behavior: to join or to balk. Specifically, we assume a statedependent arrival rate (𝜆

!
!!!

) by setting 𝛾! =

!
!!!

for all 𝑘 while keeping all other assumptions the same.

It means that the more customers wait in the line, the fewer customers join the queue. This functional
form of state-dependent arrival rate has been used in statistics literature. Then, the steady state probability
!

of staying state 𝑘 shows that 𝑘 follows a Poisson distribution with rate . Thus, the expected number of
!

!

customers in the fitting room is , which is a traffic intensity.
!
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𝜆
−𝜇

𝜆
𝑝! = 𝑒
𝜇
Now we can derive the expected sales as follows:

!

1
,
𝑘!

𝑘 = 0, 1, 2, …

(7)

𝔼 𝑆𝑎𝑙𝑒𝑠 = 𝔼 𝜆! 𝑞! 𝛽! + 𝜆 − 𝜆! 𝑞! 𝛽!
= 𝜆𝛽! 𝑞! + 𝜇 1 − 𝑒

𝜆
−𝜇

𝛽! 𝑞! − 𝛽! 𝑞!

(8)

We can again express it as the expected number of transactions by removing 𝛽! and 𝛽! from the
above equation.
Proposition 2.
Expected sales (or the number of transactions) has an increasing concave shape relationship with
fitting room arrival rate as
i)

𝜕𝔼 !"#$%
𝜕𝜆

ii)

= 𝛽! 𝑞! + 𝑒

𝜕2 𝔼 !"#$%
𝜕𝜆2

𝜆

1 −𝜇
𝜇

= − 𝑒

𝜆

−𝜇

𝛽! 𝑞! − 𝛽! 𝑞! > 0 and

× 𝛽! 𝑞! − 𝛽! 𝑞! < 0

Note that the sufficient condition is again 𝑞! 𝛽! ≥ 𝑞! 𝛽! . Proposition 2 holds even if we use a different
functional form of 𝛾! such as exponential form (i.e., 𝛾! = 𝑒 !!" or 𝛾! = 𝛼 ! 𝑤ℎ𝑒𝑟𝑒 0 < α < 1) or allow
reneging. We find that a queueing model that incorporates customers with limited strategic behavior
predicts an increasing concave relationship between fitting room traffic and sales (or transactions). Based
on these theoretical justifications, we developed Hypothesis 1a in the main text.
Appendix B: Validating the Inverted U-shaped Relationship at Retailer B
To see whether our result is robust to other retailers, we further test the inverted U-shaped relationship
between fitting room traffic and store sales at another retailer (retailer B), where the fitting room layout is
completely different from that of retailer A. We have only 24 hourly data points (6 hours per day for four
days) that we collected by observing each customer in the period of a field study, as retailer B had not
installed technology to obtain traffic data.
Table A1-a shows the inverted U-shaped relationship between fitting room traffic and sales at the
nearest checkout counter from the studied fitting room area. Model (1) does not control for any time
effect as we have limited sample size. Model (2) includes hour dummies, Model (3) includes a Saturday
indicator, and Model (4) includes both. Throughout different model specifications, even though the
sample size is small, we find that coefficient of 𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! is positive and statistically significant
!
(p<0.1) and 𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
is negative and statistically significant (p<0.1) and the peak point is within

the data range (0, 35); again, this supports Hypothesis 1b. We also conduct several robustness tests for the
inverted U-shape. For example, Fieller’s interval of [10.26, 34.27] for the peak point is within the data.
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The spline regressions in Table A1-b shows that the coefficient of the first spline is positive and
significant (p<0.05), whereas the second is negative and insignificant (p=0.103), partially supporting the
inverted U-shaped relationship between fitting room traffic and sales. The conclusions are similar when
we consider the case with three knots, as shown in column (2). Since we have very limited sample size,
coefficients are not significant, but they are all on the right direction.
In conclusion, we find the inverted U-shaped relationship between fitting room traffic and store sales
for both retailers A and B. Since these two retailers are different in terms of location, carried products,
gross margin, and notably fitting room layouts, this finding could be robust to any retailer that uses fitting
rooms.
Table A1-a: Inverted-U Relationship (Retailer B)
Dependent Variable: 𝑺𝒂𝒍𝒆𝒔𝒕𝒉 Model (1) Model (2) Model (3) Model (4)
128.06*** 121.82***
96.44**
84.69*
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
(31.43)
(33.63)
(40.87)
(43.05)
!
-4.54***
-4.27***
-3.49**
-3.03*
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!!
(1.31)
(1.44)
(1.57)
(1.68)
Saturday dummy
No
No
Yes
Yes
Hour dummies
No
Yes
No
Yes
Number of observations
24
24
24
24
Adjusted R2
0.4417
0.4193
0.4527
0.4462
Note. *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
Table A1-b: Robustness Checks Using Spline Regressions (Retailer B)
(1) Two knots
(2) Three knots
Dependent Variable: 𝑺𝒂𝒍𝒆𝒔𝒕𝒉
72.64**
54.42
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! 1
(25.82)
(38.33)
-26.90
32.47
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! 2
(15.75)
(29.56)
-48.30
𝐴_𝐹𝑖𝑡_𝑇𝑟𝑎𝑓𝑓𝑖𝑐!! 3
(42.18)
Saturday dummy
Yes
Yes
Number of observations
24
24
2
Adjusted R
0.4965
0.3829
Note. *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table A2: Phantom Stockouts (Details on day 1, Sunday)
Total items
# items available in the store
Time
brought by
1
2
3
4
Over 5 Phantom Stockouts
(each visit)
associate
(each visit)
(each visit)
11:45
4
0
2
0
0
2
0.00
12:15
18
5
9
2
0
2
0.28
12:40
1
0
1
0
0
0
0.00
12:48
1
0
1
0
0
0
0.00
13:02
2
1
0
1
0
0
0.50
13:10
4
2
2
0
0
0
0.50
13:13
1
1
0
0
0
0
1.00
13:25
5
1
4
0
0
0
0.20
13:35
7
1
4
0
2
0
0.14
13:50
5
0
2
1
2
0
0.00
13:56
12
7
4
1
0
0
0.58
14:24
3
2
1
0
0
0
0.67
14:40
11
6
1
3
0
1
0.55
14:52
3
2
1
0
0
0
0.67
14:55
6
1
4
1
0
0
0.17
15:24
11
4
6
1
0
0
0.36
15:35
18
7
6
1
3
1
0.39
15:50
24
8
12
1
1
2
0.33
16:00
8
3
4
0
1
0
0.38
16:18
24
7
6
6
3
2
0.29
16:30
13
7
4
2
0
0
0.54
16:48
4
2
2
0
0
0
0.50
17:05
1
1
0
0
0
0
1.00
17:20
5
1
1
0
0
3
0.20
17:25
14
5
6
1
2
0
0.36
17:40
13
3
3
3
2
2
0.23
17:58
5
1
2
1
0
1
0.20
Total
223
78
88
25
16
16
0.37
Note. Phantom stockouts (each visit) is defined as “#items with availability of 1 (each visit) / Total items
brought by associate (each visit),” where the total items brought by associate is a part of items left behind
in the fitting room area.
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Table A3: Phantom Stockouts with Price, Size, and Category (Details on day 2, Saturday)
# items available in the store
Total
1
2
3
4
Over 5
# items
336
138
106
55
22
15
(%)
1.00
0.41
0.32
0.16
0.07
0.04

Price

Petite
(%)

45
0.13

23
0.17

14
0.13

8
0.15

0
0.00

0
0.00

Clearance
(%)

18
0.05

10
0.07

6
0.06

1
0.02

0
0.00

0
0.00

Swimming
(%)

53
0.16

21
0.15

20
0.19

8
0.15

2
0.09

2
0.13

mean
s.d.
median
min
max

53.77
28.52
49
9.97
160

61.53
34.37
50
11.97
160

53.29
26.05
48.5
9.97
151.95

45.62
13.33
49
9.99
69

37.27
16.96
40
11.97
69

39.73
13.87
42
11.97
58

Size

2
2
1
1
0
0
0
4
1
0
1
0
0
0
6
9
6
1
2
0
0
8
12
5
6
0
1
0
10
7
3
4
0
0
0
12
17
10
3
3
1
0
14
23
4
10
7
1
1
16
14
9
3
0
0
2
18
1
1
0
0
0
0
XS
6
6
0
0
0
0
S
36
17
11
6
1
1
M
46
19
14
4
7
2
L
72
15
28
18
5
6
XL
45
19
10
7
6
3
4P
1
1
0
0
0
0
6P
1
1
0
0
0
0
8P
3
2
0
1
0
0
10P
2
1
1
0
0
0
12P
1
0
0
1
0
0
PP
1
1
0
0
0
0
PS
13
4
6
3
0
0
PM
12
4
5
3
0
0
PL
8
7
1
0
0
0
PXL
3
2
1
0
0
0
Note. Average price of 3200 SKUs in this section, the immediate sales floor from the studied fitting room
area, is $46.
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