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Abstract
Purpose: As ecommerce becomes more prevalent, traditional brick-and-mortar retailers such as warehouse clubs (WCs) face the challenging task of maintaining and growing their customer base. This study aims to unravel the combined impact of retail agglomeration and ecommerce activities on consumer foot traffic (also referred to as “footprint”) at WC stores, placing an emphasis on the locational strategies adopted by WCs in this evolving retail landscape.
Design/methodology/approach: Mobile-based customer foot traffic data for Costco, a major U.S. WC chain, is sourced for our analysis. We use Principal Component Analysis (PCA) to identify dimensions of general merchandise (GM) and narrow-range merchandise (NM) retail agglomeration. Two-stage least squares (2SLS) regressions are used to explore how the intensity of ecommerce activities and WC locational choices within retail agglomerations impact WC foot traffic.
Findings: Our analysis highlights a notable decline in WC store visits attributable to both GM and NM ecommerce activities, with GM ecommerce presenting a more significant competitive challenge to WCs. Regarding retail agglomerations, proximity to GM clusters that include a diverse range of supercenters, department stores, and club stores is associated with an increase in WC customer visits within their vicinity. In contrast, the influence of NM agglomerations is mixed; clusters adjacent to grocery stores lead to higher WC customer traffic compared to those focused on other specialized stores. These findings underscore the strategic importance of location in mitigating the adverse effects of ecommerce competition. Additionally, our study uncovers intricate dynamics between GM and NM retail clusters and ecommerce activities, demonstrating varied impacts on WC customer footprint.
Research limitations/Implications: Access to customer footprint data illustrates the potential of this data source for retail decision making and researchers. Our analysis is limited to one chain, notably Costco.
Practical implications: Our findings underscore the need for retailers to adeptly navigate the evolving retail landscape, including the confluence between physical and digital retail environments, to secure future success. In particular, our results emphasize the benefits of locating stores within mixed retail agglomerations and underline the need to consider the broader retail landscape in location decisions.
Societal implications: The rise of ecommerce in the U.S. has reshaped consumer behavior and altered local shopping districts’ communal dynamics. This change may spur policy interventions to help physical stores compete with online retailers, emphasizing the importance of retail diversity and community-centric environments to sustain communal retail interactions amidst digital advancements.
Originality/value: The paper makes use of a unique dataset to provide a first assessment of the combined effects of retail agglomeration and ecommerce activities on consumer foot traffic for WC retailers. Thus, this paper provides insights into the impacts on consumer shopping behavior from the dynamic interactions between physical retail clusters and online shopping behaviors.
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Introduction
Warehouse Clubs (WCs) operate large, self-service retail locations that sell a wide range of product categories while offering a limited selection of brands within each category to member customers. Package sizes for items are often larger than those found at competing retail formats, allowing the WCs to price their products at a low per-unit price point. In addition, WCs locate away from city centers, thus allowing the club stores to operate with relatively low rental costs and to provide large parking areas for convenient shopper access. Travel costs to these suburban locations may reduce the frequency of store visits, but the low per-unit pricing strategy can induce shoppers to increase their basket sizes to make their shopping visits “worthwhile” (Ailawadi, 2018; Messinger and Narasimhan, 1997).
The three biggest WCs in the U.S. are Costco, Sam’s Club (owned by Walmart) and BJ’s, with Costco being the largest of the three and the third largest U.S. retailer overall, by sales (in 2021). Selling and maintaining consumer and business memberships is a core managerial strategy for Costco, with membership fees accounting for about 58% percent of the company’s operating income in 2021 (Costco Wholesale Corporation, 2021). Costco’s business model relies heavily on its physical store network, with member customers making multiple store visits during the year to “pay for their membership” (Ailawadi et al., 2018; Kim and Choi, 2007). Costco is also active in the ecommerce domain, albeit its reliance on ecommerce—5-8% of total sales since COVID-19 (Costco Wholesale Corporation, 2021), is relatively small compared to many non-WC competitors. 
The WC business model, including store network location and retail operations decisions, has proven to be highly successful. Despite the rise in online shopping and the rapid adoption of digital retail applications, WCs have remained competitive, as demonstrated by their continued physical store network expansion and strong growth in sales revenue (Hortaçsu and Syverson, 2015; US Census Bureau, 2022). For example, while other retailers experienced declining foot traffic and store closures prior to and during the COVID-19 pandemic, Costco expanded its physical retail business, opening 10-20 stores annually in the U.S. and Puerto Rico. Moreover, Costco’s global net sales increased by 18% in 2021 from the previous year, reaching $192 billion (Costco Wholesale Corporation, 2021), more than matching the growth rate in ecommerce retail sales of 16% during the same time frame (Insider Intelligence, 2023).
Understanding the complex spatial dynamics that shape retail competition is a significant modeling challenge that has been addressed by a select number of studies. One of the key challenges is whether co-location is beneficial to a focal retailer. On one hand, co-location creates spatial agglomeration that can attract additional consumers to a given location. On the other hand, such agglomerations may expose retail locations to more intense competition. To that end, the type of retail stores present within an agglomeration becomes critical to assessing the impact of co-location. 
For instance, employing spatial modeling, González-Benito et al. (2005) recognize the presence of spatial competition through analyzing the interactions between supermarket, hypermarket, and discount store formats in the Spanish food retail sector. Their research reveals that competition within the same format is more intense than across different formats. In a different vein, Lim et al. (2021) use AC Nielsen’s Homescan shopping activity data to study the spatial resilience of Costco WC stores. One of their key arguments is that spatial concentration of retail conglomeration increases competition. They find that households allocate 61% more of their shopping budgets to Costco compared to non-WC competitors and that this advantage diminishes with increasing travel distance to the nearest Costco store, vanishing entirely beyond a threshold of 21 miles due to travel costs. 
While both González-Benito et al. (2005) and Lim et al. (2021) highlight the enhanced competition associated with spatial clustering of retail stores, they do not explore possible advantages from retail co-location or clustering decisions. Specifically, while the existing literature is concerned with the competitive aspects prevailing in the presence of retail clustering, it remains unclear whether co-location has a greater positive effect that outweighs its competitive effects. Additionally, the extant literature on spatial resilience does not address how retail clustering and ecommerce competition may jointly impact consumer shopping patterns. Our interest is in the location strategies of WCs given retail clustering and ecommerce competition, which allow us to expand existing literature.  Specifically, we focus on how retail clustering strategies combat the negative effects of ecommerce competition on customer traffic at WCs.
[bookmark: _Hlk156668039]Retail agglomeration refers to “a group of retail stores in close proximity, which cooperate and compete with each other simultaneously” (Sanyal and Ghosh, 2017). Such clustering takes various forms, including shopping malls, shopping centers, or main streets with high concentrations of stores. Retail agglomerations may reduce travel and search costs and increase the likelihood of customers finding all their necessary products during a single shopping trip. As a result, a retailer’s neighboring stores within an agglomeration may not only compete for customers but also generate additional demand for the retailer. 
Retail agglomeration strategies may be increasingly important as physical retailers devise strategies to compete with ecommerce retail sites. Direct home delivery options, combined with low-prices and product variety offered by online stores, can divert foot traffic away from physical stores. For example, during Amazon Prime Day in 2020, foot traffic to Walmart and Target retail outlets dropped by 19.1% and 15.1%, respectively (Derrick 2020). However, physical retailers can compete with online retailers by offering their own ecommerce capabilities. Moreover, physical retailers’ own ecommerce capabilities may contribute to foot traffic at physical locations through omni fulfillment options such as “reserve online pickup in store”, “buy online pickup in store”, or “buy online return in store” (Samat 2014). Finally, despite the extensive product range and convenience of direct home delivery offered by ecommerce, many consumers continue to visit physical stores such as WCs. The reasons are multifaceted, ranging from tactile shopping experience at physical stores, through immediate availability of products, to trust in product authenticity.  
Nevertheless, the impact of ecommerce on WC foot traffic merits investigation. Costco, as the leading WC with limited online presence, is particularly susceptible to the ecommerce activities of competitive retailers. While ecommerce options are likely to reduce traffic to retailers located in physical retail agglomerations, they could also create opportunities, such as serving as pick-up and return sites. Moreover, the extent of the positive and negative impacts of ecommerce on physical retailers may depend on the customer attractiveness of the physical retail agglomeration, including the range of products offered in the agglomeration.
[bookmark: _Hlk156668449]This paper examines how WC retailers may use retail agglomeration strategies to attract customers to their premises, given competition from ecommerce retailers. Traditionally, WCs have relied on physical locations for most of their sales. Thus, employing agglomeration strategies to counter ecommerce competition is crucial for WCs to sustain and grow their sales. In this context, WCs like Costco could benefit from a strategic assessment of their physical store locations in retail agglomerations. Therefore, our research focuses on understanding how retail agglomerations and ecommerce activities collectively influence consumer foot traffic at WC stores.
Costco’s main competitors can be divided into two retailing categories:[footnoteRef:1] First, there are general merchandise (GM) retailers that provide a wide range of product categories, similar to Costco. Firms within this category include competing WC stores (Sam’s, BJ’s), supercenters (Wal-Mart, Target), department stores (Kohl’s), and online retailers of general merchandise, such as Amazon.com. Second, there are narrow-range (or specialty) merchandisers (NM) that sell a limited range of product categories. These retailers include hardware/homeware stores (Lowe’s, Home Depot), office supply stores (Staples, Office Depot), drugstores (CVS, Walgreens), electronics stores (Best Buy), pet stores (PetSmart), and grocery stores (Food Lion, Kroger). We thus categorize retailers as GM or NM to capture the impact of retail competition and cooperation (i.e., “coopetition”), both from physical agglomerations and from online retailers, on foot traffic to Costco WC stores. [1:  https://csimarket.com/stocks/compet_glance.php?code=COST.] 

We collect customer foot traffic data for 516 Costco stores in the U.S. from January 2019 to October 2020. Customer foot traffic is a key performance measure correlated with sales and revenues. It is used by physical store retailers to assess operational performance. To complement the Costco foot traffic data, we collect geolocation data for 25 major competing retail chains and online consumer spending data for over six million individuals. These datasets allow us to assess customer traffic at Costco locations, dependent on the level of ecommerce activities in a market and the proximity to other GM and NM physical retailers. Thus, we can assess the importance of physical retail agglomeration and the impact of ecommerce activities on customer traffic at Costco physical locations.
	Through Principal Component Analysis (PCA), our study identifies distinct agglomeration dimensions within the GM and NM categories. These dimensions provide a nuanced understanding of the retail landscape and its potential impact on consumer foot traffic at WC stores. Specifically, in the GM category, we discern two unique dimensions: The first dimension signifies the closeness of WC stores to a range of large-scale retailers such as supercenters, department stores, and club stores, which provide a diverse shopping experience; the second dimension represents the proximity of WC stores to other club stores, indicating a more focused retail environment. 
In NM the retail category, we identify four distinct agglomeration dimensions: The first dimension captures the proximity of WC stores to drugstores, office suppliers, and electronics stores, which cater to shoppers with specific consumer needs. The second dimension emphasizes the adjacency of WC stores to pet and home improvement stores, which suggest specialization in home-related products. The third dimension relates to the closeness of WC stores to grocery stores, suggesting retail clusters focusing on daily essentials and routine purchases. The last dimension points to WC stores in proximity to pet stores, indicating a niche market focus on pet supplies. 
Our research explores the impact of these GM and NM agglomeration patterns along with the intensity of ecommerce activities in a market on customer visits to Costco stores. A significant finding is the negative impact on Costco store visits attributed to both GM and NM ecommerce activities, with a notably stronger impact from GM ecommerce. This suggests that WCs must develop strategies to compete with ecommerce retailers, especially GM-focused ecommerce. Our analysis also shows that proximity to GM retail clusters, characterized by a diverse mix of supercenters, department stores, and club stores, significantly boosts customer visits to Costco stores, underlining the importance of a varied retail environment in attracting consumers. In contrast, the effect of NM retail agglomerations on Costco’s customer traffic is mixed: while proximity to grocery-adjacent clusters notably increases foot traffic to Costco stores, proximity to other specialized stores, such as electronics or home improvement outlets, has a weaker effect. Additionally, our research reveals the intricate dynamics between retail agglomerations and ecommerce activities, illustrating the multifaceted nature of their impact on consumer behavior. 
Our paper expands the understanding of the resilience of physical retailers to ecommerce competition by examining the impact of locational decisions on customer foot traffic in light of this competition. We contribute to the literature in the following aspects: First, the study unveils distinct dimensions of retail agglomerations, providing insights into how retail locations impact foot traffic at WC stores. Second, the research shows the differential effects of GM and NM ecommerce activities on WC customer foot traffic. Lastly, this study examines the negative impact of ecommerce activities on WC foot traffic and how various agglomeration patterns may offset this negative impact, shedding light on the interplay between traditional brick-and-mortar retail and online shopping channels. Overall, the findings offer theoretical insights on the resilience of WC retailers and their location strategies given physical and online competition from other retailers.

Theoretical Foundations
[bookmark: _Ref161246738]Spatial coopetition in retail agglomerations 
The location choice of a physical store within a trade area is a key to retail success, as it directly impacts the store’s spatial competitiveness. Bennett (1995) defines a trade or market as “a geographical area containing the customers of a particular firm or group of firms for specific goods or services.” To determine trade areas and assess potential customer bases within these areas, spatial interaction models, also known as gravity models, have been extensively employed. Reilly's Law (Reilly, 1931) laid the foundation for these models that have been utilized to study retail competitive, spatial interactions (Converse, 1949; Huff, 1964; Huff and Rust, 1984). For a comprehensive review of the evolution of spatial models in the retailing field, refer to Babin et al. (1991). 
Previous research has shown that intra-format spatial competition may be stronger than inter-format competition. González-Benito et al. (2005) assessed the spatial competition patterns among supermarket, hypermarket, and discount store formats in the Spanish food market and find intra-format spatial competition is more intense than inter-format competition. On the other hand, Bonfrer et al. (2022) provided a systematic review of retail formats and consumer shopping patterns, specifying situations where inter-format competition is stronger than intra-format competition. Zhu and Singh (2009) studied the entry and locational choices of retailers and showed that inter-format competition decreases with distance to competitors. 
Although spatial competition, either intra-format or inter-format, may reduce customer demand at a focal retailer, the retailer may also benefit from agglomeration effects. Additional demand for the focal retailer may be generated by locating near other stores within a trade area, as the agglomeration of retailers can be attractive to consumers wishing to visit multiple stores (Datta and Sudhir, 2013). Jindal et al. (2020), following previous studies (Kollat and Willett, 1967; Frisbie, 1980; Mackay, 1973), categorize shopping trips as major and minor based on dollar spend, basket item count, and category variety purchased, noting that major trips are typically planned, whereas minor trips (or fill-in trips) can be either planned or unplanned. A retail agglomeration with varied store formats offering a variety of product categories can result in greater numbers of planned shopping visits. Thus, the link between shopping trips, retail formats and product categories suggest that retailers operating in an agglomerated area can collectively experience increased customer foot traffic. 
The interplay between competition and cooperation in retail agglomerations, termed ‘coopetition’, significantly impacts market dynamics (Bengtsson et al., 2010; Kovacs and Spens, 2013). Zhu et al. (2011) demonstrated the agglomeration effect by showing that when a discount store enters a market consisting of two spatially differentiated retailers, the store closer to the entrant performs better than the store further away. Leszczyc et al. (2004) investigated store choices for multi-purpose shoppers using a latent class factor logit model, identifying different shopper segments, such as "cherry pickers" who primarily shop for single-purpose items, and time-constrained shoppers who combine visits to several stores into one trip. These shopper segments may be differentially influenced by the level of agglomeration within a market, affecting store choices and shopping patterns. 
The proximity of competitor stores can have varied impacts on sales at WC stores, depending on customer ability and willingness to access the WC stores. For instance, Ellickson et al. (2020) found that inter-format competition between WCs and traditional grocers is intensified as shoppers’ willingness to travel to WCs increases. Along these lines, Lim et al. (2021) investigated the spatial resilience of Costco WC stores to competition, revealing that households allocate a significantly greater proportion (61% higher) of their shopping budgets towards Costco stores compared to nearby non-WC competitors. However, this advantage diminishes as the travel distance to the nearest Costco store increases, reflecting the influence of travel costs to Costco stores. 
The impact of competing retail outlets on WC store traffic may depend on the type of competitors within a retail agglomeration. Agglomerations featuring a mix of GM retailers, including WCs, supercenters, and department stores, may attract frequent, planned shopping visits to the retailers in the agglomeration, thereby increasing foot traffic to both WCs and other retailers within the agglomeration. In contrast, retail agglomerations with NM outlets may not draw as many planned visits to the trade area, since products (such as office supplies) offered by the NM retailers are typically purchased less frequently.
We identify the types of retail agglomerations of GM and NM retailers found in market areas and then assess the impact of these agglomeration patterns on WC foot traffic. Moreover, we conduct this assessment in light of ecommerce competition in a market area, showing how retail agglomerations may counteract the negative impact on WC foot traffic from ecommerce competition.

WC stores’ spatial resilience to ecommerce activities 
The resilience of brick-and-mortar stores to ecommerce activities is closely related to shoppers’ channel preferences. Coughlan (2007) demonstrated that channel choice is heavily dependent on a shopper’s prior experience with a channel, along with other factors such as spatial convenience, waiting and delivery time, product choice, and customer service. Schoenbachler and Gordon (2002) proposed five key factors that influence channel choice: perceived risk, past direct purchasing experience, motivation to buy from a channel, product category, and web design. Devaraj et al. (2002) measured consumer channel satisfaction and preference using established frameworks (Technology Acceptance Model, Transaction Cost Analysis, and Service Quality) in ecommerce, suggesting that consumers adopt online channels only if they are helpful, efficient, convenient, and secure. 
Moreover, the resilience of physical stores to ecommerce activities may be dependent on the degree of complementarity or substitutability of online and offline channels. In his literature review on the impact of online channels on offline shopping, Weltevreden (2007) noted that channel substitutability or complementarity is not uniform but varies considerably across retail sectors and consumer segments. In a similar vein, Singleton et al. (2016) created a composite e-resilience index to measure the vulnerability of retail shopping centers to the impact of online shopping and found that large retail centers and small specialist centers exhibit a higher degree of resilience to online shopping compared to their medium-sized counterparts.
Studies on shoppers’ choice of retail format revealed similarities between online shoppers and shoppers frequenting WCs, such as higher education and income levels (Sampson and Tiger, 1994) and younger ages (Stone, 1995). Ansari et al. (2008) extended this discourse by investigating customer channel migration in a multichannel (web and catalogue) environment, showing that customers who migrate to an online channel tend to have higher purchase volumes, are relatively younger, and have higher income levels and larger families compared to those who do not migrate. WC stores’ large package sizes and low per-unit prices naturally encourage bulk purchasing behaviors. These shared characteristics between online purchasers and WC customers imply a potential adverse impact on WC foot traffic due to competitive pressures exerted by ecommerce competition.
[bookmark: _Hlk156668250]The impact of ecommerce on WC foot traffic can vary based on the product offerings of the ecommerce retailer. Specifically, GM and NM ecommerce retailers may have differential impacts on customer visits to WC stores. GM ecommerce platforms, such as Amazon.com and Walmart.com, could pose significant competition for WC stores. This is because they offer a wide array of competitively priced products, along with convenient delivery options and aggressive marketing strategies, potentially diverting the traditional customer base of WC stores to online shopping. In contrast, NM ecommerce retailers, focusing on specialized product categories and targeting market segments that value specialization over variety, may pose a lesser threat to WCs. Consequently, the impact of NM ecommerce on WC foot traffic may be mitigated given the smaller overlap in product offerings. 
In the era dominated by the extensive online offerings by both GM and NM retailers, maintaining or increasing customer foot traffic to WC locations is challenging. This challenge may necessitate strategic positioning of WCs within retail agglomerations. Our study expands previous research by exploring how ecommerce impacts customer visits to WC stores in the context of different types of retail agglomerations. We aim to provide insights into the evolving retail landscape, emphasizing the importance of strategic location. 

Central study
Drawing upon theoretical frameworks, this research endeavors to decipher the impacts of retail agglomeration and ecommerce activities on consumer foot traffic at WC stores, while also shedding light on the locational strategies of Costco, the primary focus of this study. As outlined in Sections 2.1 and 2.2, this study evaluates the influence on WC foot traffic of GM and NM retail agglomerations, with the expectation that their impacts will vary according to the characteristics of the agglomerations. Additionally, it is posited that GM and NM ecommerce activities present potential competitive threats to foot traffic at WC physical locations. 
Specifically, the impact of retail agglomerations on WC foot traffic may vary according to the mix of retailers within an agglomeration. We expect agglomerations consisting of a heterogeneous mix of GM retailers (e.g., supercenters, department stores, WCs) to attract frequent, planned, shopping trips, thereby increasing foot traffic to the WCs within these agglomerations. NM retail agglomerations, characterized by specialty stores, such as pet and office suppliers, may attract fewer customers to WC stores (within those agglomerations), given less frequent shopping visits to the specialty NM outlets. On the other hand, NM agglomerations containing grocery stores, associated with regular-scheduled visits, may be conducive to attracting shoppers to WCs within the agglomerations.
Finally, we also expect that ecommerce activities will play a significant role in influencing foot traffic to WC stores. However, the impact of ecommerce retail activity on WC store visits may depend on the type of ecommerce retailer. Both GM and NM ecommerce activities may reduce traffic to physical WC locations, but the impact from GM ecommerce could be notably more severe, given the greater overlap in product offerings with WCs. 

[bookmark: _Toc100931481]Research Methodology
Research design
Figure 1 depicts the theoretical framework employed for the empirical analysis in this study. In Section 3, we provide descriptions of the key variables of interest, including retail agglomeration (section 3.2), ecommerce activities (section 3.3), and control variables (section 3.4).





Ecommerce Activity
· General Merchandise
· Narrow-Range Merchandise


Retail Agglomeration
· General Merchandise
· Narrow-Range Merchandise



Customer Footprint
· Customer Store Visits


Control Variables
· Trade Area Population
· Trade Area Size
· Customer Diversity
· Gasoline Price
· Containment & Health Index







Figure 1: Theoretical Framework

Following Lim et al. (2021), we use Costco as our focal WC chain. Costco is the leading WC retailer in the U.S., with market share between 52% and 56% during the 2019-2020 period. Costco operated 543 WCs and business centers with locations in 44 states, Washington DC, and Puerto Rico in 2019. We concentrate on traditional WCs in this study,[footnoteRef:2] obtaining monthly customer foot traffic for 516 Costco WCs in 44 states and Washington DC from January 2019 to October 2020.   [2:  Compared to traditional WCs, Costco business centers mainly respond to the needs of business owners, with more than 70 percent of the product offerings unique to the business centers.] 

The dependent variable in our study is customer foot traffic, also referred to as the “footprint,” at Costco stores. Specifically,  denotes the number of customer visits to a particular store outlet  located in MSA region , in state , during month  of year . We obtained this footprint traffic data from Placer.ai, which estimates store visits using anonymized data from mobile devices. Our independent variables encompass measures of retail agglomeration and ecommerce activities. The subsequent steps illustrate our analytical procedure to obtain the two primary independent variables:

1) Classification of major competitors: Identify the principal retail chains that compete with our focal WC chain, Costco. Categorize these competitors into two distinct retail sectors: general merchandisers and narrow-range merchandisers.
2) Analysis of geographical proximity: Subdivide these retail chains into specific sectors within the two identified categories. Conduct a thorough evaluation of spatial competition by determining the minimum distance between each Costco store and its closest competitors within the defined sectors. 
3) Identification of retail agglomeration: Utilize Principal Component Analysis (PCA) to uncover and illustrate clustering trends among competitors within the distinct retail categories. This technique enables the composition of retail agglomeration variables.
4) Identification of ecommerce activities: Locate the Metropolitan Statistical Area (MSA) for each Costco store and measure the intensity of ecommerce activities within the GM and NM retail categories in each MSA. Construction of these measures contributes to our comprehensive understanding of competitive dynamics.

Retail agglomeration
Retail agglomeration represents the colocation of retail outlets within a trade area. As discussed above, Costco divides its main competitors into two categories: general merchandise retailers and narrow-range (or specialty) retailers. To evaluate retail agglomerations specific to each Costco location, geographic coordinates of 25 leading competitor retail chains are compiled, grounded on foot traffic rankings as provided by Placer.ai. These competitors span nine retail sectors: WCs, supercenters, department stores, grocery stores, pharmacies, pet stores, home improvement stores, office stores, and electronic retailers. Table 1 presents these nine competitor retail sectors, accompanied by examples of retailers in each sector. 

[bookmark: _Hlk112882494]

Table 1: Competitor Retail Chains
	
	Retail sector
	Examples 

	General
Merchandise
	Warehouse Clubs
	Sam’s Club, BJs

	
	Supercenters
	Walmart, Target, Meijer

	
	Department Stores
	Kohl’s, Macy’s

	Narrow-Range
Merchandise
	Grocery
	Aldi, Food Lion, Kroger, Publix, Safeway, Trader Joes, Whole Foods Market, HEB

	
	Pharmacies
	Walgreens, CVS

	
	Pet
	Petco, PetSmart

	
	Home
	Home Depot, Lowes

	
	Office
	Staples, Office Depot



We utilize Principal Component Analysis (PCA) to derive agglomeration dimensions for general merchandisers and for narrow-range merchandisers. PCA focuses on explicating the variance-covariance structure within a set of variables, providing a manageable set of linear variable combinations and achieving enhanced interpretability. At its core, PCA simplifies a data set comprised of numerous interrelated variables, while retaining inherent variation between principal components (PCs). This is achieved by transforming the original variables into uncorrelated PCs, arranged such that the initial components encapsulate the majority of variation among all original variables (Jolliffe, 2002; Johnson and Wichern, 2007).
For each Costco store i, we calculate , the distance to store j of a competing retail chain k in retail sector l of the GM (NM) category. Then, for each sector l, we calculate the distance of the nearest outlet to a Costco store i; that is, we let . For convenience of interpretation, we take the negative value of the shortest distance to measure the proximity of a Costco store to the closest outlet from sector l, denoted by . Then, we compute the principal components using standardized values of these proximity measures to determine the agglomeration patterns with respect to the GM (NM) sector. 
Tables 2 and 3 illustrate the eigenvalues and eigenvectors, respectively, from the PCA for GM retail agglomerations, while Tables 4 and 5 present the PCA results for NM retail agglomerations. We then retain principal components that account for 95% of total variance (Jolliffe and Cadima, 2016). In line with our estimates, we preserve the first two principal components for general merchandisers and the first four principal components for narrow-range merchandisers. This procedure facilitates the reduction of data dimensionality while preserving pertinent variation in the dataset.
In Tables 2 and 3 we identify two distinct agglomeration dimensions for general merchandisers. The first component, Comp1, has positive loadings for all types of competing chains selling general merchandise, specifically, with higher loadings (> 0.3) for supercenters, department stores, and club store chains. Comp1 quantifies the closeness of WC stores to GM agglomerations near club stores, supercenters, and department stores, , offering a diverse shopping experience. The second component, Comp2, has high positive loadings for competitor WCs but negative loadings for supercenters and department store chains. Hence, Comp2 measures the closeness of WC stores to GM agglomerations near warehouse clubs, , indicating a more focused retail environment.

Table 2: Principal components (eigenvalue) for GM retail agglomerations
	[bookmark: _Hlk117078718]
	Eigenvalue
	Difference
	Proportion
	Cumulative

	Comp1
	2.08
	1.29
	0.69
	0.69

	Comp2
	0.79
	0.66
	0.26
	0.96

	Comp3
	0.13
	.
	0.04
	1.00


Note: Bold face indicates retained principal components.

Table 3: Principal components (eigenvectors) for GM retail agglomerations
	Variable
	Comp1
	Comp2

	
	0.42
	0.90

	
	0.63
	-0.39

	
	0.66
	-0.19


Note: Bold face indicates large (positive or negative) loadings.

In Tables 4 and 5 we identify four distinct agglomeration dimensions for narrow-range merchandise retailers. The first component, Comp1, has positive loadings for pharmacy, office, and electronics chains. It assesses the closeness of WC stores to NM agglomerations near drug, office, and electronics, , catering to specific consumer needs. The second component, Comp2, has positive loadings for pet and home improvement chains. It gauges the closeness of WC stores to NM agglomerations near pet and home, , aligning with home-related shopping preferences. The third component, Comp3, has high positive loadings for grocery chains. It calculates the closeness of WC stores adjacent to NM agglomerations near grocery, , suggesting an emphasis on routine and essential shopping needs. Finally, the fourth component, Comp4, has high positive loadings only for pet chains. It determines the closeness of WC stores to NM agglomerations near pet, , representing a pet-related niche market focus.

Table 4: Principal components (eigenvalue) for NM retail agglomerations
	
	Eigenvalue
	Difference
	Proportion
	Cumulative

	Comp1
	2.68
	1.54
	0.45
	0.45

	Comp2
	1.14
	0.14
	0.19
	0.64

	Comp3
	1.00
	0.12
	0.17
	0.80

	Comp4
	0.88
	0.66
	0.15
	0.95

	Comp5
	0.22
	0.13
	0.04
	0.99

	Comp6
	0.09
	.
	0.01
	1.00


Note: Bold face indicates retained principal components.

Table 5: Principal components (eigenvectors) for NM retail agglomerations
	Variable
	Comp1
	Comp2
	Comp3
	Comp4

	
	0.05
	0.15
	0.98
	0.07

	
	0.56
	-0.08
	-0.09
	0.01

	
	0.06
	0.68
	0.05
	0.73

	
	0.04
	0.71
	0.15
	-0.68

	
	0.58
	-0.11
	0.01
	0.00

	
	0.58
	0.07
	-0.01
	-0.05


Note: Bold face indicates large (positive or negative) loadings.

Tables 6 and 7 display the correlations among the proximity measures utilized in the PCA for the GM and NM merchandise retailers, respectively. As is evident from Table 6, a strong correlation exists between proximity to supercenters and department stores. This is noteworthy as the first component for GM agglomeration shows higher loadings for these strongly correlated variables. Similarly, Table 7 highlights that proximity to pharmacy, office, and electronic chains are significantly correlated. Correspondingly, the first component for NM agglomeration has higher loadings for these highly interrelated variables. Overall, PCA provides the means to integrate these correlated variables within our model’s structural framework.

Table 6: Correlation for proximity to competitor chains
	No.
	Variable
	1
	2
	3

	1
	
	1.00
	
	

	2
	
	0.27
	1.00
	

	3
	
	0.42
	0.85
	1.00


Note: Bold face indicates high correlation coefficients.

Table 7: Correlation for proximity to competitor chains
	No.
	Variable
	1
	2
	3
	4
	5
	6

	1
	
	1.00
	
	
	
	
	

	2
	
	0.01
	1.00
	
	
	
	

	3
	
	-0.01
	0.04
	1.00
	
	
	

	4
	
	-0.01
	-0.01
	0.12
	1.00
	
	

	5
	
	0.09
	0.81
	0.02
	-0.02
	1.00
	

	6
	
	0.04
	0.80
	0.12
	0.13
	0.89
	1.00


Note: Bold face indicates high correlation coefficients.

Ecommerce activities
Our second area of interest is ecommerce intensity in a market. To investigate the impact of this variable on Costco foot traffic, we first locate each Costco store location within a metropolitan statistical area (MSA), and then use the intensity of ecommerce activities in that MSA as our measure for ecommerce activities. Ecommerce spend data are obtained from Earnest Analytics, which records consumer spending in metropolitan regions in the U.S. (for both online and physical stores) based on credit, debit, and store card transactions from over six million U.S. consumers who exhibit consistent behavior in their card spending.[footnoteRef:3] The resulting sample of consumers accounts for about 0.5% of households in each state.  [3:  For example, consumers who abruptly cease credit card transactions are dropped from the sample.] 

We categorize retailers into GM and NM chains. Thus, we construct two measures for ecommerce intensity: GM retail ecommerce intensity, , and NM retail ecommerce intensity, . From Earnest, we gather ecommerce spend data from both GM retailers and NM retailers at the MSA level, and for each agglomeration type, and then measure ecommerce intensity in MSA  in month  of year  as the percentage of online sales to total sales. 




Control variables
We employ several control variables to account for factors that may impact customer foot traffic at WCs. First, we include a variable for the diversity of customers since customers from different backgrounds may exhibit variations in their retail channel choice. Trade area customer profile data is obtained from Placer.ai. Similar to Gill and Kim (2021), we develop a customer diversity index that assesses the degree of heterogeneity among ethnic groups and income classes. For customer ethnic diversity, denoted by , we calculate a Herfindahl–Hirschman Index based on customer ethnic group distribution (i.e., proportion of White, Latino, African American, and Asian customers) for a store outlet i in month  of year :[footnoteRef:4]  [4:  The Herfindahl-Hirschman Index (HHI) is a widely accepted measure of concentration used by biologists, ecologists, linguists, economists, sociologists, and demographers. The HHI has the same formula as the Simpson diversity index, introduced by Simpson (1949) to measure the degree of concentration when individuals are classified into types.] 


.

We then subtract the calculated number from one so that higher numbers are associated with greater diversity. Likewise, for customer income diversity, , we calculate a Herfindahl–Hirschman Index based on customer income group distribution (i.e., proportions of poor, low-mid, mid, mid-upper, and upper-income households) for a store location i in month  of year . Again, we subtract the calculated number from one so that higher numbers are associated with greater diversity: 

.

Finally, an overall customer diversity index is computed by taking the average of the two diversity indices:

.
	
In addition, we control for the impact of government containment and health policies on customer footprint. These government measures were taken during the COVID-19 pandemic to improve health and safety. The restrictions vary across markets and over time. We obtain the containment and health index measure from the data series used in Hallas et al. (2021). The containment and health index, denoted by , reflects the intensity of government policies assessed to curb viral spread in state  in month  of year . The index ranges from 0 to 1, where 0 represents no extraordinary containment and health practices and 1 represents the strictest policy. 
We also control for the trade-area population () and trade-area size (). These variables represent, respectively, the total population and geographic size of the trade area for a store location, as assessed from the Placer.ai dataset. Finally, we account for average gasoline prices () in a state, since they impact the cost of traveling to a Costco store, for seasonality (monthly) effects that may impact purchasing behaviors (), and for weekday variations across months (i.e., the count of weekdays will vary across months) that may impact customer foot traffic (, etc.).
Table 8 provides summary statistics for the main variables in our analysis. Note that this table excludes variables pertaining to fixed effects. Our data granularity ranges from store-level specifications to regional statistics, depending on data availability. We provide details in Column 2 of Table 8. Clearly, there exists variability in values of standardized principal components pertaining to agglomeration patterns across WC outlets. Furthermore, there is observable variation in ecommerce activities across geographic markets. Table 9 provides the correlations for these variables, demonstrating limited associations among the variables. 

Table 8: Summary Table
	Variable
	Data granularity level
	Units
	Mean
	Std. Dev
	Min
	Max

	
	store-MSA-state-month-year
	visits/month
	199,035
	66,093
	11,905
	658,224

	
	Store
	PCA index
	0.00
	1.00
	-20.45
	0.24

	
	Store
	PCA index
	0.00
	1.00
	-9.15
	8.12

	
	Store
	PCA index
	0.00
	1.00
	-21.04
	0.20

	
	Store
	PCA index
	0.00
	1.00
	-13.27
	2.19

	
	Store
	PCA index
	0.00
	1.00
	-11.29
	2.15

	
	Store
	PCA index
	0.00
	1.00
	-14.15
	14.67

	
	MSA-month-year
	percent
	0.39
	0.10
	0.15
	0.72

	
	MSA-month-year
	percent
	0.17
	0.05
	0.03
	0.41

	
	store-month-year
	million people
	0.28
	0.17
	0.01
	1.40

	
	store-month-year
	100 sq miles
	0.72
	0.35
	0.06
	2.52

	
	store-month-year
	index
	0.58
	0.06
	0.42
	0.71

	
	state-month-year
	dollar/gallon
	2.69
	0.55
	1.60
	4.12

	
	state-month-year
	index
	0.19
	0.26
	0.00
	0.77

	
	month-year
	days
	4.32
	0.47
	4.00
	5.00

	
	month-year
	days
	4.36
	0.48
	4.00
	5.00

	
	month-year
	days
	4.36
	0.48
	4.00
	5.00

	
	month-year
	days
	4.36
	0.48
	4.00
	5.00

	
	month-year
	days
	4.36
	0.48
	4.00
	5.00

	
	month-year
	days
	4.36
	0.48
	4.00
	5.00

	
	month-year
	days
	4.32
	0.47
	4.00
	5.00





Table 9: Correlation Table
	Variable
	1
	2
	3
	4
	5
	6
	7
	8
	9

	
	1.00
	
	
	
	
	
	
	
	

	
	0.09
	1.00
	
	
	
	
	
	
	

	
	-0.13
	0.00
	1.00
	
	
	
	
	
	

	
	0.12
	0.93
	-0.22
	1.00
	
	
	
	
	

	
	0.05
	-0.07
	-0.03
	0.00
	1.00
	
	
	
	

	
	0.04
	0.03
	0.18
	0.00
	0.00
	1.00
	
	
	

	
	-0.04
	0.01
	-0.02
	0.00
	0.00
	0.00
	1.00
	
	

	
	0.11
	0.04
	-0.03
	0.08
	-0.03
	0.14
	0.00
	1.00
	

	
	-0.16
	0.12
	0.09
	0.11
	0.01
	0.04
	0.01
	0.56
	1.00



[bookmark: _Toc100931484]Estimation Models
We investigate the impact of ecommerce activities and retail agglomeration patterns on Costco’s foot traffic. In the estimations, we control for the impact of potentially confounding variables. Since our data spans the period from 2019 to 2020, our measures of ecommerce intensity,  and , may be impacted by containment and health measures instituted during the pandemic. Following previous studies, such as Eroglu and Hofer (2011), we partial out the impact of containment and health policies on ecommerce activities. We first regress the ecommerce activities variables on the containment and health index. Then, we compute the residuals from the estimation and enter them into our estimation equations, replacing the original values for ecommerce activities. 
In our first set of equations (Equation (1) and Equation (2)), we concentrate on the impact of GM agglomeration and ecommerce activities on Costco foot traffic (Equation (1)) and how GM and NM ecommerce activities may interact with GM retail agglomeration to influence Costco foot traffic (Equation (2)). In both equations,  represents the unobserved store specific effect and  represents the error term.  Also,  denotes a vector of variables and/or coefficients.



 





Equation (1)










Equation (2)

In our second set of equations (Equation (3) and Equation (4)), we concentrate on the impact of NM agglomeration and ecommerce activities on Costco foot traffic (Equation (3)) and how both GM and NM ecommerce activities may interact with NM retail agglomeration to influence Costco foot traffic (Equation (4)). Again, in both equations,  represents the unobserved store specific effect and  represents the error term. 








Equation (3)












Equation (4)
[bookmark: _Toc100931485]
[bookmark: _Hlk156668549]Our methodology for assessing ecommerce activities acknowledges the risk of endogeneity, stemming from latent variables that may concurrently influence both the foot traffic at WCs and ecommerce activities in regional markets. Recognizing the potential for biased estimates due to these unobserved confounders, we adopt an instrumental variable (IV) approach. This technique is widely recognized for its efficacy in handling models with endogenous regressors, as shown by Miguel et al. (2004). A valid IV must be correlated with the endogenous variables ( and ) but remain orthogonal to the error term (). To this end, we utilize the average ecommerce intensity in markets within the same state, excluding the focal market, as our IVs. [footnoteRef:5] [5:  Markets are defined using core based statistical areas (CBSAs) as defined by the U.S. Census Bureau.] 

This choice of IV is predicated on the assumption that ecommerce intensity in neighboring markets influences local ecommerce activities yet is not directly influenced by unobserved factors specific to the focal market, thereby satisfying the exclusion restriction (Conley et al., 2012). Moreover, the relevance of this IV is supported by the nature of ecommerce markets, where trends and consumer behaviors in one market can have spillover effects on adjacent areas (Brynjolfsson and Smith, 2000; Goldfarb and Tucker, 2019). This interconnectedness of regional markets is a key consideration in the use of adjacent market activities as an instrumental variable (Grennan, 2013).
Our estimation utilizes a two-stage least squares (2SLS) method with these instrumental variables. In alignment with best practices suggested by Wooldridge (2010), we have also instrumented all interaction terms that involve endogenous variables, replacing the endogenous variables with their corresponding IVs. Addressing the complexity introduced by multiple endogenous terms, we employ a stepwise approach for Equations (2) and (4) to refine our model. Furthermore, in Section 5, we conduct an under-identification test (Kleibergen-Paap rk LM) (Windmeijer, 2021) and a weak identification test (Cragg-Donald Wald F) (Schaffer and Windmeijer, 2020). These tests evaluate the appropriateness of our IVs and the precision of our model specifications, supporting the rigor and reliability of our findings.[footnoteRef:6] [6:  Since the equation is exactly identified, overidentification tests such as the Sargan/Hansen tests are not provided. These tests are applicable only in cases where the number of potential external instruments exceeds the number of potentially endogenous explanatory variables in the regression (Kiviet and Kripfganz, 2021).] 


Estimation Results
Tables 10 and 11 present our estimation results. Specifically, Models 1.1 and 2.1 assess the direct influences of GM and NM retail agglomerations and ecommerce activities, while Models 1.2 and 2.2 to 2.5 incorporate their interaction effects.
The direct effect of GM and NM retail agglomerations and ecommerce activities
As discussed, our analysis focuses on the effects of GM and NM retail agglomerations and ecommerce activities on customer foot traffic at WC stores. Recall that GM agglomerations are categorized into two dimensions: AGG_GM1 quantifies the closeness of WC stores to retail clusters near supercenters, department stores, and other club stores; AGG_GM2 measures the closeness to retail clusters predominantly composed of other club stores. NM agglomerations are classified into four dimensions: AGG_NM1 assesses the closeness of WC stores to clusters to drug, office, and electronics stores; AGG_NM2 to pet and home improvement stores; AGG_NM3 to grocery stores; and AGG_NM4 to only pet stores. 
Table 10 showcases the impact of GM clusters on customer foot traffic. In Model 1.1, we observe significant and positive coefficients for AGG_GM1 (16.32, p<0.01) and AGG_GM2 (13.37, p<0.01), indicating that WC stores in GM clusters typically see increased customer visits. Notably, the coefficient for AGG_GM1, representing the closeness of WC stores to a mix of supercenters, department stores, and club stores, is higher than that for AGG_GM2, which gauges proximity to other WC stores. These findings suggest that WC stores located near a heterogenous mix of GM retailers (AGG_GM1) attract greater traffic than those situated near more homogeneous GM clusters (AGG_GM2). 
Table 11 details the diverse impacts of NM retailer clusters on customer foot traffic. Model 2.1 highlights the positive influence on WC foot traffic due to proximity to grocery stores (AGG_NM3) with a significant coefficient of 11.68 (p<0.01). In contrast, the coefficients for AGG_NM1 (proximity to drug, office, and electronics stores), AGG_NM2 (proximity to pet and home improvement stores), and AGG_NM4 (proximity to pet stores only) are negative, with values of -22.65, -2.32, and -8.04, respectively (all p<0.01). These results indicate that proximity to grocery stores (AGG_NM3) attracts customer footfall to WCs, while proximity to other specialty retail clusters reduces customer footfall to WCs.
The study further investigates the effects of ecommerce activities in the GM and NM sectors on WC store visits. In Table 10 (Table 11), Model 1.1 (Model 2.1) illustrates that both GM and NM ecommerce activities lead to decreased WC store visits, evidenced by negative and significant coefficients for ECM_GM and ECM_NM (-2.19 and -1.20, respectively, both p<0.01). The impact of GM ecommerce is roughly twice as negative as that of NM ecommerce, implying a more pronounced detrimental effect on customer traffic. 

The interactive effect of GM and NM agglomerations and ecommerce activities
In Table 10, Models 1.2 and 1.3 explore the nuanced interplay between GM retail clusters and ecommerce activities, illustrating their influence on customer foot traffic to WC stores. In Table 11, Models 2.2-2.5 examine the dynamics between NM retail clusters and ecommerce activities and their effects on WC store traffic. 
Model 1.2 focuses on the proximity of WC stores to diverse GM clusters. The interaction term AGG_GM1·ECM_GM has a significant negative coefficient (-0.07, p<0.1); in contrast, the interaction term AGG_GM1·ECM_NM reveals a significant positive coefficient (0.28, p<0.05). These findings suggest that, in contrast to NM ecommerce activities, GM ecommerce activities diminish the positive effects of being close to diverse GM retail clusters on WC store visits.
Model 1.3 focuses on the proximity of WC stores to other WC-focused GM clusters. The coefficients for AGG_GM2·ECM_GM and AGG_GM2·ECM_NM are not statistically significant, indicating that GM and NM ecommerce activities do not significantly impact the positive effect of proximity to homogenous GM clusters on WC store traffic.
Model 2.2 examines the interaction of NM clusters near drugstores, office supplies, and electronics stores and ecommerce activities on WC store visits. The interaction term AGG_NM1·ECM_GM has a significantly negative coefficient (-0.10, p<0.05); while the interaction term AGG_NM1·ECM_NM has a significantly positive coefficient (0.30, p<0.05). These findings highlight that, in comparison to NM ecommerce activities, GM ecommerce significantly intensifies the negative impact of proximity to such NM clusters on WC visits.
Model 2.3 focuses on the proximity of WC stores to clusters near pet and home improvement stores (AGG_NM2). The interaction term AGG_NM2·ECM_GM has a significantly positive coefficient (0.11, p<0.1); in contrast, the interaction term AGG_NM2·ECM_NM has a significantly negative coefficient (-0.16, p<0.05). These results emphasize that, contrary to GM ecommerce, NM ecommerce activities notably intensify the adverse effects of proximity to these specific NM clusters on WC visits.
 Model 2.4 examines the proximity of WC stores to grocery-dominated NM clusters (AGG_NM3). The model identifies a significantly negative coefficient for AGG_NM3·ECM_GM (-1.69, p<0.01), but a significantly positive coefficient for AGG_NM3·ECM_NM (2.28, p<0.01). These findings underscore that, unlike NM ecommerce, heightened GM ecommerce activities reduce the positive impact of proximity to grocery-dominated clusters on WC customer visits.
Finally, Model 2.5, which assesses the impact of proximity to pet-dominated NM clusters (AGG_NM4) on WC store visits, reveals that the coefficients for both AGG_NM4·ECM_GM and AGG_NM4·ECM_NM are not statistically significant. This suggests that GM and NM ecommerce activities do not significantly influence the effect of proximity to pet-dominated retail clusters on WC store foot traffic. 



Table 10: Estimation results: GM agglomeration with respect to ecommerce activities
	
	Model 1.1
	Model 1.2
	Model 1.3

	
	16.32*** (3.05)
	16.50*** (3.07)
	16.11*** (3.03)

	
	13.37*** (2.88)
	13.54*** (2.89)
	13.15*** (2.86)

	
	-2.19*** (0.16)
	-2.19*** (0.16)
	-2.18*** (0.16)

	
	-1.20*** (0.28)
	-1.25*** (0.29)
	-1.11*** (0.28)

	
	 
	-0.07* (0.04)
	 

	
	 
	0.28** (0.12)
	 

	
	 
	 
	-0.08 (0.12)

	
	 
	 
	-0.22 (0.21)

	
	0.40*** (0.06)
	0.40*** (0.06)
	0.39*** (0.06)

	
	0.22*** (0.05)
	0.21*** (0.05)
	0.22*** (0.05)

	
	0.93*** (0.14)
	0.89*** (0.15)
	0.97*** (0.15)

	
	0.03** (0.01)
	0.02* (0.01)
	0.03** (0.01)

	
	-0.15*** (0.00)
	-0.15*** (0.00)
	-0.15*** (0.00)

	
	0.26*** (0.01)
	0.27*** (0.01)
	0.26*** (0.01)

	
	0.23*** (0.01)
	0.23*** (0.01)
	0.23*** (0.01)

	
	0.27*** (0.02)
	0.27*** (0.02)
	0.26*** (0.02)

	
	0.10*** (0.01)
	0.10*** (0.01)
	0.10*** (0.01)

	
	0.39*** (0.02)
	0.40*** (0.02)
	0.38*** (0.02)

	
	0.19*** (0.01)
	0.19*** (0.01)
	0.18*** (0.01)

	
	0.26*** (0.01)
	0.27*** (0.01)
	0.26*** (0.01)

	
	Included 
	Included 
	Included 

	
	Included 
	Included 
	Included 

	
	Included 
	Included 
	Included 

	
	39.34*** (7.36)
	39.72*** (7.40)
	38.92*** (7.31)

	Observations
	11216
	11216
	11216

	F
	370.46
	296.33
	691.90

	Centered R2
	0.9512
	0.9503
	0.9517

	Underidentification test
(Kleibergen-Paap rk LM)
	570.930
	442.134
	419.477

	Weak identification test
(Cragg-Donald Wald F)
	286.268
	109.499
	103.669


Note: Robust standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.


Table 11: Estimation results: NM agglomeration with respect to ecommerce activities
	
	Model 2.1
	Model 2.2
	Model 2.3
	Model 2.4
	Model 2.5

	
	-22.65*** (1.39)
	-22.53*** (1.39)
	-22.78*** (1.39)
	-23.31*** (1.65)
	-22.59*** (1.39)

	
	-2.32*** (0.18)
	-2.30*** (0.18)
	-2.33*** (0.18)
	-2.39*** (0.22)
	-2.29*** (0.18)

	
	11.68*** (0.74)
	11.64*** (0.74)
	11.74*** (0.74)
	11.97*** (0.88)
	11.58*** (0.74)

	
	-8.04*** (0.49)
	-8.00*** (0.49)
	-8.08*** (0.49)
	-8.32*** (0.59)
	-7.97*** (0.49)

	
	-2.19*** (0.16)
	-2.20*** (0.16)
	-2.22*** (0.16)
	-2.00*** (0.20)
	-2.11*** (0.15)

	
	-1.20*** (0.28)
	-1.22*** (0.29)
	-1.20*** (0.28)
	-1.51*** (0.36)
	-1.25*** (0.28)

	
	 
	-0.10** (0.04)
	 
	 
	 

	
	 
	0.30** (0.13)
	 
	 
	 

	
	 
	 
	0.11* (0.06)
	 
	 

	
	 
	 
	-0.16** (0.07)
	 
	 

	
	 
	 
	 
	-1.69*** (0.31)
	 

	
	 
	 
	 
	2.28*** (0.48)
	 

	
	 
	 
	 
	 
	-0.33 (0.22)

	
	 
	 
	 
	 
	0.19 (0.17)

	
	0.40*** (0.06)
	0.40*** (0.06)
	0.40*** (0.06)
	0.36*** (0.08)
	0.38*** (0.06)

	
	0.22*** (0.05)
	0.21*** (0.05)
	0.21*** (0.05)
	0.22*** (0.06)
	0.24*** (0.05)

	
	0.93*** (0.14)
	0.85*** (0.15)
	0.94*** (0.14)
	1.21*** (0.18)
	0.95*** (0.15)

	
	0.03** (0.01)
	0.02* (0.01)
	0.02** (0.01)
	0.03* (0.02)
	0.03** (0.01)

	
	-0.15*** (0.00)
	-0.15*** (0.00)
	-0.15*** (0.00)
	-0.14*** (0.01)
	-0.15*** (0.00)

	
	0.26*** (0.01)
	0.27*** (0.01)
	0.27*** (0.01)
	0.26*** (0.01)
	0.26*** (0.01)

	
	0.23*** (0.01)
	0.23*** (0.01)
	0.23*** (0.01)
	0.23*** (0.01)
	0.23*** (0.01)

	
	0.27*** (0.02)
	0.27*** (0.02)
	0.27*** (0.02)
	0.27*** (0.02)
	0.27*** (0.02)

	
	0.10*** (0.01)
	0.10*** (0.01)
	0.10*** (0.01)
	0.10*** (0.01)
	0.10*** (0.01)

	
	0.39*** (0.02)
	0.39*** (0.02)
	0.39*** (0.02)
	0.39*** (0.02)
	0.38*** (0.02)

	
	0.19*** (0.01)
	0.19*** (0.01)
	0.19*** (0.01)
	0.18*** (0.01)
	0.18*** (0.01)

	
	0.26*** (0.01)
	0.26*** (0.01)
	0.26*** (0.01)
	0.26*** (0.02)
	0.26*** (0.01)

	
	Included 
	Included 
	Included 
	Included 
	Included 

	
	Included 
	Included 
	Included 
	Included 
	Included 

	
	Included 
	Included 
	Included 
	Included 
	Included 

	
	-10.77*** (1.04)
	-10.72*** (1.04)
	-10.90*** (1.04)
	-11.28*** (1.25)
	-10.63*** (1.04)

	Observations
	11216
	11216
	11216
	11216
	11216

	F
	241.69
	235.67
	238.01
	158.21
	235.91

	Centered R2
	0.9512
	0.9502
	0.9506
	0.9202
	0.9502

	Underidentification test
(Kleibergen-Paap rk LM)
	570.930
	396.042
	597.864
	74.903
	79.429

	Weak identification test
(Cragg-Donald Wald F)
	286.268
	97.666
	100.140
	17.903
	19.031


Note: Robust standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.

Discussion and Implications
Our research unfolds a detailed narrative of the complex interplay between GM and NM agglomerations and the rapidly evolving ecommerce sector on customer visits to WC stores. In Table 12, we summarize the key results from Tables 10 and 11. 
First, we find that both GM and NM ecommerce activities contribute to decreased customer visits to WCs. Notably, the more pronounced influence of GM ecommerce activities, with its expansive product range, emerges as the greater direct threat to physical WC stores. Given WC retailers’ dependence on physical stores for their sales, this ecommerce threat may diminish market growth potential for the WCs. 
In addition, our analysis underlines the favorable impact of GM cluster proximity on WC store foot traffic. These clusters, featuring a variety of supercenters such as Walmart, department stores such as Macy’s, and other club stores including Sam’s Club and BJ’s, entice customers with their diverse shopping experiences. Retail assortments elevate the appeal of WCs in these vibrant retail environments. On the other hand, the impact on WC foot traffic varies across NM clusters. Notably, grocery-adjacent clusters stand out, likely due to the routine nature of grocery shopping, which ensures steady foot traffic to nearby WCs. In contrast, specialized NM clusters—comprising drugstores, office supplies, electronic, home, and pet stores—do not demonstrate the same effectiveness in driving WC visits, possibly due to the less frequent shopping patterns associated with these stores. 
Further analysis sheds light on the complex dynamics between retail agglomerations and regional ecommerce activities. It reveals that while proximity to diverse GM clusters—such as supercenters, department stores, and club stores—and NM clusters, like those grocery stores, has the potential to attract consumer visits to WCs, GM ecommerce activities significantly diminish this potential. Furthermore, while proximity to NM clusters, including drug, office, and electronics stores, reduce WC store visits, GM ecommerce further intensifies these negative effects. As consumers encounter online GM options that match or exceed the value found in physical GM and NM clusters, there may be a resultant dip in foot traffic to WC stores situated within these clusters.
Moreover, the study pinpoints distinct interactions between NM cluster characteristics—especially their proximity to pet and home improvement stores—and ecommerce activities. It demonstrates that NM ecommerce activities significantly exacerbate the negative impact of these particular NM clusters on WC visits. This finding may be related to the unique offerings of home improvement retail, which provides distinctive, in-store experiences and products not easily duplicated by the broad convenience of GM ecommerce. Nonetheless, when consumers encounter online NM options that are comparable or superior, the appeal of being physically close to specialized NM clusters diminishes, steering consumer traffic away from physical WC stores.
This comprehensive exploration illuminates the dynamics between physical retail clusters and ecommerce. The presence of these retail agglomerations, combined with the growth of ecommerce, profoundly shapes shopping patterns at WCs. Synergies exist between WCs and specific GM/NM retail agglomerations that enhance store visits and counteract the impact of ecommerce competition, while other agglomerations do not yield these benefits. Nonetheless, as consumers increasingly pivot towards ecommerce, the equilibria may be shifting, presenting retailers with critical challenges to adapt and innovate. Success in this evolving landscape requires retailers to strategically balance online and offline offerings, optimizing for convenience, variety, and experiential shopping, especially for those focused on maintaining a physical presence.
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Table 12: Summary of Results
	
	Models
	Coefficients
	Explanation

	
	1.1
	-2.19*** (0.16)
	In comparison to NM ecommerce activities, GM ecommerce activities, due to its wider product range, reduce WC visits more significantly.

	
	1.1
	-1.20*** (0.28)
	

	
	1.1
	16.32*** (3.05)
	In comparison to homogeneous GM retail mix (near other WCs), heterogeneous GM retail mix (near diverse GM stores) generates greater synergistic effects.

	
	1.1
	13.37*** (2.88)
	

	
	2.1
	-22.65*** (1.39)
	In comparison to less frequent shopping NM clusters, the routine nature of grocery shopping generates synergistic foot traffic to nearby WCs.

	
	2.1
	-2.32*** (0.18)
	

	
	2.1
	11.68*** (0.74)
	

	
	2.1
	-8.04*** (0.49)
	

	
	1.2
	-0.07* (0.04)
	In comparison to NM ecommerce activities, GM ecommerce activities significantly reduce the benefit of proximity to diverse GM retail clusters on WC customer visits. 

	
	1.2
	0.28** (0.12)
	

	
	1.3
	-0.08 (0.12)
	GM and NM ecommerce activities do not significantly affect the impact of proximity to homogenous GM clusters (near other WCs) on WC visits.

	
	1.3
	-0.22 (0.21)
	

	
	2.2
	-0.10** (0.04)
	In comparison to NM ecommerce activities, GM ecommerce activities significantly intensify the adverse impact of proximity to such NM clusters (near drugstores, office supplies, and electronics stores) on WC visits.

	
	2.2
	0.30** (0.13)
	

	
	2.3
	0.11* (0.06)
	In comparison to GM ecommerce activities, NM ecommerce activities significantly intensify the adverse impact of proximity to such NM clusters (near pet and home improvement stores) on WC visits.

	
	2.3
	-0.16** (0.07)
	

	
	2.4
	-1.69*** (0.31)
	In comparison to NM ecommerce activities, GM ecommerce activities significantly reduce the benefit of proximity to such NM clusters (near grocery stores) on WC visits.

	
	2.4
	2.28*** (0.48)
	

	
	2.5
	-0.33 (0.22)
	GM and NM ecommerce activities do not significantly affect the impact of proximity to pet-dominated NM clusters on WC visits.

	
	2.5
	0.19 (0.17)
	


Note: Robust standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.

Societal Implications
The transformation of the retail landscape in the United States, characterized by the expansion of ecommerce and the growth of big box retail outlets, is influencing more than consumer purchasing behaviors—it is reshaping the social fabric that has long been the hallmark of local shopping districts and community-centric retail spaces. 
Historically, local shopping districts in the U.S. have been more than mere commercial hubs. They have functioned as vital focal points of urban life, blending commerce, social interaction, and cultural significance. These retail spaces have traditionally acted as communal hubs, offering diverse shopping experiences that foster social connections (Mitchell, 2000). However, the growth in ecommerce, as well as the expansion of big box outlets, while offering undeniable economic and logistical advantages, have imposed a significant societal cost, eroding face-to-face interactions and community bonds that form the essence of traditional shopping experiences. 
The migration towards large-scale, big box retailers such as WC stores and the growth of ecommerce present a multifaceted phenomenon (Ordway et al., 2015). The expansive product offerings and convenience offered by ecommerce and WCs are increasingly attracting consumers, diverting them from traditional retail centers. While these shopping alternatives present undeniable economic advantages, such as competitive pricing and extensive product variety, there is a potential trade-off. These large retail formats may dilute the distinctive, personalized shopping experiences and the rich tapestry of social interactions that are hallmarks of local retail spaces.
As traditional local shopping districts risk being overshadowed by digital and large-scale retail entities, the need to understand and adapt to these changes becomes increasingly pressing. One important consideration is the formation of retail agglomerations that can attract consumers in the face of ecommerce competition. Although our study specifically examines how WCs can generate store visits, our research, more generally, points to the importance of the “right” mix of retail outlets needed to generate physical store visits. This balance is not just pivotal for economic sustainability but also for nurturing the societal connections that define our urban landscapes.
In response to evolving retail trends, governments may target policies that preserve the social and cultural core of local shopping districts against the backdrop of rising ecommerce and big-box retail. Strategies can focus on promoting retail diversity, supporting small businesses in embracing digital platforms (Brynjolfsson & McAfee, 2014), and promoting community-oriented retail environments to protect communal ties (Oldenburg, 1989). Additionally, supporting technologies that enrich rather than replace the physical shopping experience, and advocating for urban designs that encourage social interaction (Gehl, 2010), help maintain the communal essence of shopping spaces. By balancing economic objectives with the need to sustain community connections, we can ensure that retail evolves to support both commerce and community cohesion (Porter & Kramer, 2011).

[bookmark: _Toc100931496]Conclusion and Limitations
In the rapidly transforming retail environment, where digital platforms continue to advance, WCs such as Costco heavily depend on in-person traffic and sales. This study enhances our comprehension of how customer visits to these WCs are influenced by the interplay of retail agglomeration levels and the intensity of ecommerce activities, distinguished by merchandiser type (general merchandiser, GM, and narrow-range merchandiser, NM).
This study enriches the retail literature, which has traditionally focused on characteristics of individual stores, by offering a deeper insight into how retail agglomeration influences customer behavior. Our findings highlight the diverse effects of both GM and NM retail agglomerations on customer visits to WCs, thereby emphasizing the strategic importance of retail variety and clustering. Additionally, our research unravels the intricate dynamics between ecommerce activities and the physical retail environment. We observe that ecommerce in both GM and NM sectors negatively impacts customer visits to WCs. Crucially, the study illuminates how these ecommerce activities interact with retail agglomerations to shape store visits. This new understanding provides valuable perspectives for developing multi-channel retail strategies, highlighting the evolving interplay between physical and digital retail channels.
From a management standpoint, our study provides valuable insights. It emphasizes the benefits of situating stores within mixed retail agglomerations and underlines the need to consider the broad retail landscape in location decisions. The presence of diverse stores proximate to a WC can boost foot traffic, stressing the role of the surrounding retail ecosystem in strategic planning. Our research also suggests that while ecommerce extends its reach to a broad customer base, it may have trade-offs regarding physical store visits. As digital and physical retail channels become increasingly interwoven, retailers need to strategically manage these interactions. Developing strategies that detail how online and offline channels can be complemented may prove to be a beneficial approach.
Our research highlights significant societal changes driven by the evolving U.S. retail landscape, marked by the rise of WCs and ecommerce. While these transformations are reshaping consumer habits, they are also impacting the social dynamics of local shopping districts. The growth of ecommerce, particularly in the GM and NM sectors, draws customers away from physical stores. This trend underscores the need for policies that aim to maintain the social and cultural essence of conventional shopping locales amidst the changing retail landscape. Although our study shows how retail agglomerations impact foot traffic at WCs, similar studies can highlight how the mix of retail outlets in a shopping district can impact visits to more traditional retail clusters.
Our study has certain limitations. It is predicated on a case study of Costco, which represents only one—albeit the largest—U.S. chain in the WC sector. Future research could broaden this analysis to include other WC retailers or retailers in diverse sectors, such as supercenters, discount stores, grocery stores, dollar stores, or drug stores. Our analysis is also constrained to the pre-pandemic and early pandemic period from 2019 to 2020. Future studies could consider extending this timeframe to include the post-pandemic period, potentially determining how ecommerce’s influence on physical store traffic has shifted due to the COVID-19 pandemic. Additionally, our study relies on foot traffic measures to gauge shopping patterns. Studies using store-level sales and transaction data may lead to greater insights into the role of retail agglomeration and ecommerce competition on WC performance. 
[bookmark: _Toc100931497]Further research into the implications of retail agglomeration and ecommerce on WC performance may be derived through analytical modeling. Given the intertwined impacts from the various retail channels, it may be plausible to design a sequential model for store location strategy. This model could provide answers to pertinent queries such as, "Where should my next store be established?" or "Does a first-mover advantage exist in this scenario?" Finally, we do not consider customer characteristics, such as ethnicity or income groups, in our analysis. These characteristics could influence channel choices. Future research could explore how these customer characteristics impact physical store shopping behaviors in the face of ecommerce competition and retail agglomeration, thus providing a more nuanced understanding of this multifaceted retail landscape.
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