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Abstract

Supermarket chains must decide whether individual stores will offer pickup, delivery, both
services, or neither. While consumer preferences for e-commerce features are well studied,
the firm-level and store-level decisions that drive channel offerings remain underexplored.
We analyze an augmented dataset of market, demographic, spatial and e-commerce infor-
mation, assembled from three proprietary sources, covering 14,275 grocery stores in the
United States. We use a spatial multinomial generalized additive model (GAM) to predict
the offered configuration at the store level, benchmarked against elastic net multinomial
regression and random forest models, and find that spatial GAM achieved a macro ROC
AUC near that of the random forest (0.873 vs. 0.896), while having the strongest balanced
accuracy across configurations (0.568). The banner was the most important predictor across
all model families, while other important factors include the store type and demographic
variables like historical population growth, education levels, population density, house-
hold size, income levels and geospatial locations. Our analysis indicates that the local
market context retains a significant secondary role that cannot be fully separated from
organizational factors in determining the store’s policies. Finally, 15.2% of the stores in our
dataset have different predicted configurations in models with and without the banner.
This identifies stores whose predicted configurations change when banner information is
omitted and may therefore warrant closer managerial review.

Keywords: retail location strategy; spatial multinomial GAM; omnichannel retailing; trade
area analysis; e-commerce; digital divide

1. Introduction
The size of the United States groceries market was projected to grow more than eight-

fold over the last ten years, from $10.6 billion in 2016 to an expected $89.5 billion by the end
of 2026, equivalent to 14% of the total grocery spending [1]. This growth was accelerated
by the COVID-19 pandemic, which increased the scope of online services and e-commerce
adoption patterns within the sector [2]. The market share of the online segment has also
shown signs of consolidation, with Walmart accounting for roughly 36% of online grocery
sales nationally as of 2023 [1,3]. The growing indication of market-share momentum effects
increases the competitive pressure on supermarkets to re-evaluate offerings [4]. Under
these conditions, effective responses must address a critical resource allocation question:
given a heterogeneous market with local diversity in conditions, and costs of implementing
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changes, which e-commerce model would be most effective in each location? The available
choices include pickup, delivery, both, or neither.

Despite the broader trend towards digitalization and e-commerce growth, individual
answers are significantly more granular and potentially contentious, as the decision must
account for a range of operational and economic implications. Omnichannel grocery
models can add significant logistical strain, driven by channel conflicts, higher distribution
expenses, lower profit margins, and first-class tracking requirements for order-completion
timelines [5]. These tensions are reflected across national and regional U.S. grocery networks
that adopted differentiated e-commerce strategies, with different configurations across
their stores based on local market needs. Prior research has primarily focused on the
consumer behavior aspects of the problem, addressing the factors that determine who
purchases through digital channels. The retailer factors and considerations that underpin
the supply/offering side of the problem and drive decisions regarding distribution and
format remain understudied [6,7].

As noted, these decisions have a competitive dimension [4]. For retail chains, the
challenge to keep their offerings updated with market trends intensifies as digitalization
becomes the norm. As Novais Filho et al. [8] (p. 466) note, “many organizations struggle
to adapt their decision-making processes to the new modes of value creation that digital
technologies enable.” In omnichannel systems, Gao and Su [9] documented persistent
separation between online and offline operations within many firms. Hu et al. [10] describe
a tendency of supermarkets to underutilize analytical capabilities, such as advanced mod-
eling and spatial analysis, at the local level. Thus, given sectoral diversity, many retailers
may lack accessible, data-informed methodologies for navigating complex configuration
decisions, which positions our work as well suited to addressing an underexplored applied
research need.

We address this modeling gap with spatial multinomial models of store-level e-
commerce configurations. Our primary contribution is based on a spatial multinomial
generalized additive model (GAM) that allows broad, nonlinear spatial variation while re-
taining demographic, market, and store-format covariates. Additionally, for benchmarking,
we use an elastic-net based multinomial regression, which provides a regularized linear
benchmark, and a random forest model, which provides a flexible predictive benchmark.
Since every specification uses the same observations, common non-banner predictors, re-
gional folds, SMOTE rule, evaluation metrics, and permutation-based importance measure,
this design provides us with a single, consistent basis for comparing accuracies of different
models as well as the importance of covariates.

Our modeling strategy relies on our second empirical contribution. We integrate three
proprietary commercial data sources at the store level: ChainXY (https://www.chainxy.
com/, accessed on 3 September 2026) records of locations, banners, and e-commerce config-
urations; SiteWise (https://www.sitewise.com/, accessed on 3 September 2026) drive-time
trade areas; and Synergos (https://www.synergos-tech.com, accessed on 3 September 2026)
demographic and market data which connect firm deployment decisions to specific local
market characteristics for each store. Building on the data infrastructure introduced by
Reed [7], the present study extends the analysis from a binary offering decision to four
distinct channel configurations and evaluates their geographic generalizability through
out-of-region validation. Distinguishing pickup, delivery, and their joint provision allows
us to examine whether market and spatial associations differ across configurations that a bi-
nary adoption outcome combines. The spatial GAM represents broad nonlinear geographic
variation, while the paired banner specifications and held-out regional evaluation exam-
ine how configuration predictions depend on organizational information and generalize
across locations.
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The rest of this paper proceeds as follows. Section 2 reviews the existing literature on
consumer adoption of e-commerce channels, spatial inequality, and firm-level omnichannel
capability. Section 3 describes the data and model input features, spatial GAM, benchmark
models, and leave-one-region-out validation checks. Section 4 reports comparative and
class-specific performance, organizational consistency and regional adaptation, model-
agnostic variable importance, and decision-support diagnostics. Then, Section 5 discusses
organizational consistency alongside regional adaptation, considering the direction of
market and spatial relationships, and states the limitations of our study. Finally, Section 6
concludes our work.

2. Review of Literature and Theoretical Foundations
2.1. Demographic Drivers of E-Commerce Adoption

Substantial empirical research characterizes which consumers adopt online shopping
(Table 1). The most common model specification in this literature is regression model-
ing, particularly discrete choice specifications in which individual or household adoption
decisions are regressed on demographic covariates. This approach provides direct inter-
pretability: coefficient directions and sizes indicate which characteristics drive adoption
and their strengths. Table 1 below compiles results from several investigations across
multiple nations, product sectors, and years, documenting the e-commerce measurement
and statistically significant demographic associations reported in each work.

Table 1. Summary of demographic drivers of e-commerce consumption. ✓ means a statistically
significant association; ✗ means no statistically significant association; ~ means variable was not part
of the study.

Author(s) Location E-Commerce
Measure Age Income Education Other Significant

Variables

Krizek et al. [11] US Adoption;
frequency ✓ ~ ~ Employment; transit

access

Punj [12] US Adoption ✓ ✓ ✓ -

Farag et al. [13] The
Netherlands

Adoption;
frequency ✓ ✓ ✓

Employment;
household composition

Weltevreden and
van Rietbergen [14]

The
Netherlands Adoption ✓ ✓ ✓

Household size;
employment

de Blasio [15] Italy Purchase
likelihood ✓ ✓ ✓ PC access; urban/rural

Clarke et al. [16] UK Frequency ✓ ✓ ✓
Vehicle ownership;

household size

Van Droogenbroeck
and Van Hove [17] Belgium Adoption ✓ ✓ ✓

Household composition;
employment

Beckers et al. [18] Belgium Adoption ✓ ✓ ✓
Employment;

household composition

Loo and Wang [19] China Adoption ✓ ✓ ✓
Employment; car

ownership

Zhen et al. [20] China Channel
choice ✓ ✓ ✓

Retail proximity;
employment
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Table 1. Cont.

Author(s) Location E-Commerce
Measure Age Income Education Other Significant

Variables

Shao et al. [21] China Activity index ✓ ✓ ✓
Urban/rural; retail

accessibility

Saphores and Xu
[22] US Adoption;

expenditure ✓ ✓ ✓
Employment;

household composition

Ganning and Green
[23] US Online retail

expenditure ✓ ✓ ✓
MSA distance; retail

access

Colaço and de Abreu
e Silva [24]

Lisbon,
Portugal

Adoption
(retail + food

delivery)
✓ ✗ ~ Employment status (not

in workforce)

Titiloye et al. [25] Florida, US

Online +
in-store
grocery

frequency

~ ~ ~

Attitudes (tech
savviness,

pro-alternative modes,
pro-online, joy of

shopping, cost
consciousness); retired;

living alone; no driver’s
license in HH; product

return frequency

Algherbal et al. [26] Bahrain

Frequency, 4
product

categories, 3
periods

~ ✗ ~ Gender; daily internet
use; occupation

We find three consistent patterns across the literature on this front. First, age, in-
come, and education serve as robust adoption predictors across geographic and sectoral
boundaries. Across the United States [11,12,23], the Netherlands [13,14], the United King-
dom [16,27], Belgium [17,18], Italy [15], and China [19–21], early adopters often map to
a particular demographic profile: younger age, higher income, elevated educational cre-
dentials. This regularity is consistent across survey designs, observation periods, and
variation in the definition of outcome variables. It is also consistent with early-adopter
characteristics documented in different technological shifts, including online banking [28]
and transportation-network services [29]. This suggests that e-commerce acceptance fol-
lows a generalizable trajectory in which newer technologies first enter markets through
younger, wealthier, more highly educated segments.

Second, this demographic regularity is also robust within the food retail literature.
Clarke et al. [16] documented that frequent online grocery purchasers in the United King-
dom are younger, wealthier male households with fewer residents. Vehicle ownership was
associated with a higher probability of online adoption independent of income controls,
implying that time pressures rather than mobility constraints drive channel preferences.
Van Droogenbroeck and Van Hove [17] found younger, higher-income Belgian households
featuring school-age children and multiple wage-earners to be most receptive to online gro-
cery pickup; this combination is a reflection of both time limitations and logistical pressures
faced by the demographic. Pernot [30] documents similar findings in the French market.
As groceries constitute a low-discretionary, repeat-purchase category, the consistent role
played by the youth–wealth–education profile across food retail indicates that these traits
represent fundamental adoption drivers across retail formats.

Third, despite these regularities, there are also inconsistencies and variability in
the patterns and relationships presented by demographics across domains. Gender il-
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lustrates this variability most clearly, as some analyses find men more prone to online
shopping [13,16,18], while others find the opposite [22,31]. Race also presents mixed effects,
remaining a comparatively understudied demographic variable in this context. For instance,
Saphores and Xu [22] reported lower online grocery adoption among African American
consumers. In contrast, Ganning and Green [23] document higher online expenditure in
counties with larger Black populations, though they note that regional variation may partly
obscure this result. Ren and Kwan [31], in a Columbus study, found white consumers more
likely than Black consumers to purchase online even after adjusting for other variables. Yet
their sample showed no significant income or age effects, diverging from broader patterns.
Such variation suggests that demographic associations operate through local geography,
product category specificity, and market-level conditions in manners that conventional
additive regression models may not fully capture.

Interestingly, recent studies have shown that income may not have a huge impact on
online shopping. Among the recent studies reviewed, income is insignificant in two of
them [24,26], and only indirectly affects shopping behavior through consumer attitudes in
the third [25]. We posit that as e-commerce has matured, there is a real narrowing of the
impact of income effects. In some cases, as Titiloye [25] reported, it may operate through
attitudes towards shopping and technology. In other cases, factors like having a driving
license in the household [25] and travel time to the nearest grocery store [32] become more
important. Inspired by these findings, we define each store’s trade area by the drive time
and include competitive saturation within that area as a covariate. These modeling choices
are covered in more detail in Section 2.2, where we discuss spatial dynamics.

Though focused on consumer choices, previous investigations provide an empirical
scaffold for understanding retailer behavior and help us understand why chains target
particular markets. Consumer adoption predictors, measurable at the trade-area scale,
include the median household income, education level, average age, and family structure,
all of which can be derived from standard demographic vendors. Chains calibrating e-
commerce capacity to anticipated consumer demand would reasonably assess trade-area
demographics. Consequently, the features included in our model (Table 2) draw directly
from this established empirical basis.

Table 2. Analysis predictors and full-sample summary statistics.

Feature Minimum Maximum Median Mean Standard
Deviation

Population Density 9.3 55,356.7 1464.4 2418.3 3738.5

% Population Growth (2010–2020) −43.6% 415.1% 7.1% 9.2% 11.8%

Median Age 21.4 75.6 38.9 39.3 4.5

Average Household Size 1.6 4.2 2.5 2.5 0.3

Unemployment Rate 0.2 24.4 3.4 3.6 1.2

Median Household Income $26,323 $178,269 $60,176 $65,172 $20,255

Average Number of Vehicles 0.3 2.8 1.8 1.8 0.2

% of Population with a Bachelor’s
Degree or Higher Education 4.8% 87.6% 31.4% 33.6% 13.5%

% Black Population 0.0% 94.7% 7.9% 12.6% 13.5%

% Hispanic Population 0.4% 96.9% 10.1% 15.9% 16.0%
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Table 2. Cont.

Feature Minimum Maximum Median Mean Standard
Deviation

% Male Population 42.4% 66.3% 48.9% 49.0% 1.2%

Competitive Saturation 0.00 0.89 0.13 0.14 0.06

E-commerce % of Consumer
Demand 1.2% 28.0% 9.5% 10.5% 6.4%

Longitude Longitudinal coordinate system of store location

Latitude Latitudinal coordinate system of store location

Type Categorical variable representing the type of store (wholesale club/supercenter,
specialty grocer, supermarket, or other)

Banner Categorical variable representing name of grocery chain

2.2. Spatial Dynamics: Competing Hypotheses

Spatial conditions shape e-commerce adoption beyond demographic composition.
Anderson et al. [33] proposed an early spatial framework for identifying where the digital
retail industry would develop, presenting two competing hypotheses. The innovation-
diffusion hypothesis posits that cities are adoption pioneers, as urban populations possess
higher education levels and greater internet engagement beyond employment. In contrast,
the efficiency hypothesis suggests that rural and isolated consumers gain greater benefit
from online retail’s product breadth, which leads to increased adoption. The two hypotheses
yield conflicting predictions—innovation diffusion predicts concentration in high-density
metropolitan areas; efficiency predicts accelerated adoption in places where physical retail
infrastructure is limited.

Reflecting the two mechanisms, past research operationalizes spatial context through
both urbanity and accessibility to physical shopping opportunities. Farag et al. [13] classi-
fied residential environments from very strongly urbanized to nonurbanized, and measured
accessibility by the number of non-daily-goods shops reachable within specified driving-
time bands. Ren and Kwan [31] represented the residential context using the population
density and assessed retail accessibility through cumulative-opportunity measures of non-
daily shopping. Zhen et al. [20] distinguished urban and suburban home and workplace
locations and examined store accessibility using the travel time and travel mode.

Empirical work incorporating spatial or geographic variables employs a range of
methods including logistic regression, linear regression, multinomial logit and probit
models, and some spatial econometric specifications. Their findings are mixed: several
studies report no significant spatial effect on online purchasing behavior [11,14,15,18], while
others find support for the efficiency hypothesis, in which consumers in areas with limited
retail access turn to e-commerce as a substitute [16,23,31]. A smaller subset supports the
innovation-diffusion hypothesis, where denser or more urbanized areas exhibit higher
online purchasing rates [13,21,34], and interestingly, Zhen et al. [20] find evidence for both
mechanisms operating simultaneously. Kirby-Hawkins et al. [6] similarly find support for
both mechanisms under distinct circumstances. However, only two of the eleven studies
focus specifically on grocery e-commerce [15,16], which means that the spatial dynamics of
online grocery shopping remain underexplored relative to general e-commerce.

The lack of resolution between the two hypotheses probably reflects underlying com-
plexity in spatial processes. de Blasio [15] attributed reluctance in rural populations toward
e-commerce to factors beyond accessibility and cost calculations, and found that cultural
dimensions are influential for customer behaviors. They also found that restricted exposure
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to online purchasing behaviors, infrastructural gaps that affect payment systems, and
inconsistent delivery service quality all constrain adoption. Behavioral imitation, central to
de Blasio’s explanation, depends on observation: rural dwellers witness fewer neighbors
making online purchases and thus have reduced experiential opportunities. Ganning and
Green [23] address the efficiency mechanism from a counter-perspective, exploring how
geographic conditions can still inhibit e-commerce adoption. Specifically, they show that
distant, lower-income populations encounter shipping expenses, which make consolidated
purchasing during retail visits more economical than placing individual orders.

Wieland [35] proposed (during the COVID-19 pandemic) that the two hypotheses’
opposition may be diminishing. Two decades of market consolidation and essentially
universal broadband penetration across rural and metropolitan zones are expected to have
narrowed the adoption gap. Now, five years later, FMI [36] shows that 80% of US food
retailers have some form of groceries sales online, as compared to around 50% before 2020.
The segment which still has not adopted e-commerce consists of largely small, independent
retailers. Thus, medium constraints and availability drivers are no longer the key supply
bottleneck. While both hypotheses seek to explain consumer adoption preferences, neither
fully addresses where retailers make these services available.

Demand-side (consumer) analyses leave a question our work seeks to answer: what
patterns emerge from actual retailer deployment? If chains place e-commerce dispropor-
tionately in urban, wealthy trade areas, this corroborates supply-side innovation diffusion,
regardless of whether rural consumers would utilize services if available. Actual deploy-
ment constitutes a distinct empirical window on the competing accounts proposed by
Anderson et al. [33], potentially clarifying the consumer-scholarship deadlock.

2.3. Firm-Level Omnichannel Capability and Spatial Context

Retail channel configurations follow the organizational strategy alongside local market
demand factors. Among U.S. retailers, cross-channel integration depends on information
technology capabilities as well as organizational and environmental conditions [37]. Om-
nichannel operations similarly require aligning technology, processes, resources, and capa-
bilities, a coordination challenge compounded for incumbent firms by legacy systems and
established organizational structures [38]. These dynamics shift the focus from individual
trade areas to the operating model of the firm serving those areas.

The resulting operational model also has a consumer-facing side. Brand familiarity and
cross-touchpoint consistency shape how customers experience omnichannel retailing [39].
Their perceptions of channel integration can strengthen empowerment, which in turn
increases trust, satisfaction, and patronage intention [40]. Underlying this consistency
are distinct operating choices: pickup and delivery require different distribution paths,
inventory arrangements, and fulfillment workflows, and suitable designs that vary with
retail context [41]. Thus, we treat the grocery banner as an organizational signature: a
compact identifier for the chain’s customer promise, channel policy, technology base,
fulfillment network, external partnerships, and managerial routines. While the banner does
not isolate these mechanisms individually, it captures them collectively as firm identity.

Finally, the digital divide between regions and populations provides a complementary
spatial lens. Geographic and demographic disparities in digital access are well docu-
mented [42,43], with race, income, education, infrastructure, and local geography shaping
access to and use of digital services [44–46]. Grocery channel use is likewise spatially
and socio-demographically uneven [47]. In grocery retailing, this divide represents both
household-level digital access and supply-side service availability across local markets.
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2.4. From Consumer Adoption to Firm Deployment

Existing e-commerce research primarily focuses on consumer adoption patterns. How-
ever, an organization’s behavior raises a different question: conditional on consumer
demand and local market structure, why do retailers make specific channel configurations
available? Store-level offerings reflect both trade-area conditions and corporate policies
set above the store. A model intended to generalize geographically must therefore be
evaluated on regions excluded from fitting.

We model the decisions by individual stores using a spatial multinomial generalized
additive model (GAM), with four possible outcomes (pickup only, delivery only, both,
neither). Spatial models are well suited for such modeling as they capture geographic
variation that latitude or longitude alone may miss. Finally, the additive structure enables
explanations beyond a tree model ensemble. To benchmark our approach, we use random
forest (RF) and elastic-net multinomial regression models. The random forest provides
a flexible tree-ensemble benchmark, while the elastic net provides a regularized linear
benchmark without spatial smoothing.

3. Data Overview and Methodology Details
3.1. Data Overview

Our primary data source is a cross-sectional dataset covering 14,278 grocery stores
across the United States obtained from ChainXY, a retail location database vendor. Our
sample was collected in June 2022 and includes addresses, geographic indicators (region, lat-
itude and longitude), banner/grocery chains, and their respective e-commerce statuses for
the 16 major chains operating in the United States. Three stores, part of the “Other” region,
were removed as they could not form a viable validation group. Thus, our final dataset uses
14,275 stores. In addition to this cross-sectional information, we supplement our dataset
with trade areas that represent each store’s influential region, i.e., the geographical area that
each store attracts customers from. These were obtained from SiteWise Analytics, and they
allow us to draw drive-time isochrones, a representation of areas that are within, say, X
minutes of driving time away from a store. Standard industry benchmarks and the authors’
professional experience in grocery location analytics informed the isochrone time selection.
Walmart, Sam’s Club, and BJ’s Wholesale Club attract price-conscious customers who are
willing to travel the distance to buy groceries in bulk for savings, and thus they received a
drive-time distance of 20 min. On the other hand, neighborhood supermarkets such as Aldi,
Publix, and Safeway attract the nearby population, and thus we considered a drive-time
distance of 10 min for them. Specialty grocery stores, due to their unique positioning in
the market, such as Trader Joe’s, Whole Foods, and Target, received a 15 min driving time.
Finally, we included demographic information from Synergos Technologies for each trade-
area polygon thus obtained. Population density and competitive saturation were computed
from these demographic data within each drive-time polygon. The drive-time thresholds
were selected from retail-format considerations without using stores’ e-commerce out-
comes; this feature engineering represents the store-specific market context but can induce
dependence among the banner, store type, and catchment-derived predictors.

In terms of each store’s offering, the proportions varied unevenly across the United
States (see Figure 1). Of the 14,275 stores, 11,225 stores offered both pickup and delivery,
1724 only offered pickup options, 1016 offered only delivery, and the remaining 310 offered
neither pickup nor delivery options. Our dataset had high class imbalance, which we
accounted for with synthetic minority oversampling using the SMOTENC method within
each training fold. That is, with the SMOTENC method [48], we upsampled each minority
class to 25% of the largest class using information from the five nearest neighbors. For each
banner specification, all three model families (GAM, RF and elastic net) used the same

https://doi.org/10.3390/jtaer21100357

https://doi.org/10.3390/jtaer21100357


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 357 9 of 22

resampling procedure for consistency. The numeric variables were also preprocessed only
using the training data summary statistics to prevent data leakage.

Figure 1. Our study area was the mainland United States, and the map shows the store loca-
tions’ distribution.

Since banners often dictate their store policies, there is a strong pattern in different
banners’ offerings of configurations (see Figure 2). Out of 16 original banners in the dataset
(including 4 that were compressed to a “regional banner”), 14 had more than 80% of
their stores in their most common configuration. ALDI happens to have the strongest
variation, with 56.8% of stores having both and 41.3% having delivery only. Similarly,
Ingles Markets offers neither pickup nor delivery in 65.1% of stores and pickup only in
34.9% of stores. Thus, while organizations may have a common policy, there are meaningful
internal variations within chains.

Preliminary descriptive analysis shows that the supply-side access gap from the
retailers cannot be immediately characterized as a demographic divide. While 2.17% of all
stores offered neither pickup nor delivery, the share was not the same across population
strata: 3.53% of stores in the lowest quartile of population density did not offer pickup or
delivery, in contrast to 1.34% in the highest quartile of population density. Similarly, 3.70%
of stores in the lowest-income quartile did not offer either service, compared to 1.32% to
2.21% in the remaining quartiles. The shares of stores offering neither pickup nor delivery
were similar in the lowest and highest quartiles of Black population share (2.61% and 2.66%,
respectively). Across quartiles of Hispanic population share, the no-service share declined
from 3.28% in the lowest quartile to 0.90% in the highest. Features used in our model, along
with their summary statistics over the entire population, are reported in Table 2 above.
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Figure 2. Configuration shares within each original grocery banner.

Since we are using drive-time-based trade-area polygons, we created our own esti-
mates of demographic features. The population density of each polygon represents the
number of residents per square mile within each polygon; population growth represents
the observed percentage change from 2010 to 2020. Competitive saturation is measured as
the number of grocery establishments per 100,000 residents within the drive-time polygons.
The share of the local e-commerce demand is calculated independently as the percentage
of total consumer spending with e-commerce in the same polygon. For the geographic
coordinates (latitudes and longitudes), we project them to the U.S. Albers coordinate sys-
tem (EPSG:5070) for formulating the spatial term. The store type and banner are used as
plain categorical variables. Finally, the BEA economic region [49] is used for constructing
validation folds but not directly used as a model feature.

Finally, our model contained 17 features with demographic, market, geographic spatial,
and store information. We observed that four banners operated only in a single BEA region
and thus were pooled together as a “regional banner”, which prevents a held-out validation
fold containing data about stores that are completely absent from the training fold.

3.2. Primary Model and Benchmarks

A spatial multinomial generalized additive model (GAM) is the primary model in our
study, which uses a low-rank, two-dimensional smooth projection of geographical location
(latitude and longitude) alongside linear transformations for the remaining variables [50].
The spatial basis dimension was selected separately within each outer training sample
using the nested regional tuning procedure described in Section 3.3.

To benchmark our primary model, we used two models: elastic-net multinomial
regression and random forest. The elastic-net model combines L1 and L2 regularization
and thus handles correlation between features effortlessly [51]. The elastic-net mixing
parameter and penalty were selected jointly using the nested regional tuning procedure
described in Section 3.3. The elastic-net model enables us to have reasonably high predictive
power, while restraining ourselves to a linear model. Our other benchmark was a random
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forest model [52], which provided a flexible nonlinear comparison; its number of candidate
predictors per split, minimum node size, and sampling fraction were selected through the
same nested procedure, while the number of trees was fixed at 500.

3.3. Spatial Validation, Hyperparameter Tuning, Metrics, and Importance

To validate our models, we followed a leave-one-region-out design across eight pos-
sible regions in our data, i.e., each model was trained on seven regions and was tested
on the eighth region. While this design is more costly than a simple random split [53,54],
we use it to avoid optimistic estimates of out-of-region performance, as stores in the same
region are not independent. For each outer fold, hyperparameters were selected exclusively
from the seven-region training sample using three single-region inner validation folds.
Standardization and SMOTENC were re-estimated within each inner training split, and
the configuration maximizing mean macro one-vs.-rest ROC AUC across the inner vali-
dation regions was selected. The candidate grids and the distribution of selected settings
across outer folds are reported in Tables S1 and S2. To calculate the metrics from this
training/validation design, we averaged them across each held-out region, thus giving
them equal weight. For our model evaluation, our primary metric is macro one-vs.-rest
ROC AUC [55], in addition to simple accuracy, balanced accuracy and macro F1 as sec-
ondary metrics. Table 3 reports the mean and sample standard deviation across the eight
held-out regions; dispersion describes regional variability and does not establish statistical
superiority from small differences in mean performance.

Table 3. Performance across eight leave-one-region-out test folds, reported as mean ± sample
standard deviation. Macro ROC AUC is the primary metric; regions receive equal weight.

Model Banner ROC AUC Accuracy Balanced
Accuracy Macro F1

Random forest With 0.896 ± 0.054 0.859 ± 0.038 0.544 ± 0.072 0.551 ± 0.076
Spatial multinomial

GAM With 0.873 ± 0.060 0.819 ± 0.047 0.568 ± 0.060 0.533 ± 0.060

Elastic-net
multinomial With 0.872 ± 0.038 0.786 ± 0.079 0.531 ± 0.112 0.486 ± 0.096

Random forest Without 0.834 ± 0.077 0.809 ± 0.052 0.455 ± 0.085 0.456 ± 0.076
Elastic-net

multinomial Without 0.797 ± 0.070 0.718 ± 0.055 0.408 ± 0.080 0.375 ± 0.059

Spatial multinomial
GAM Without 0.788 ± 0.063 0.701 ± 0.061 0.417 ± 0.050 0.365 ± 0.047

Since a banner’s corporate policy can sometimes determine e-commerce availability,
we estimate each model twice, once using all features and once after removing the banner
from the list. (We also test this organizational and regional consistency using its observed
mix and configuration share.) To measure each variable’s importance, we used permutation
importance [56] as the decrease in macro ROC AUC, permuting one feature at a time in
each held-out test region—except for projected coordinates, which were permuted jointly
to represent common spatial information. Consequently, the fold-level importances were
averaged with store counts as weights. We ought to note that while this metric is comparable
across model families and measures the predictive power of features, it only represents
association and not causality between variables. The banner’s importance is not directly
comparable to that of individual covariates because it condenses many representations of
corporate information into a single feature. Additionally, these importance scores should
not be interpreted as independent contributions to the model.
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For completeness, we also report one-versus-rest AUC, recall, precision and F1 scores
for each model and outcome. For directional assertions, we consider only the store type and
the five features supported by the prior literature: population density, observed population
growth from 2010 to 2020, percentage of population with a bachelor’s degree, competitive
saturation, and local e-commerce demand (see Section 2 above). For them, the fitted GAM
varies one predictor from the 5th to the 95th percentile while keeping all other characteristics
of the store same in each held-out region. The corresponding probabilities are adjusted for
the class-prevalence shift introduced by resampling and are averaged within regions.

Because using training-only SMOTENC alters class prevalence due to rebalancing, the
predicted probabilities for cross-fits have to be corrected within each fold using the ratio
of each class’s original training-fold occurrence to its after-SMOTENC occurrence and then
renormalized. This probability reliability in our study was measured using three comple-
mentary metrics: (1) the multiclass Brier score, which measures the mean squared difference
between predicted probability and actual proportions, (2) log loss, which penalizes low proba-
bilities assigned to actual, observed outcomes, and (3) the macro expected calibration error,
which measures the absolute difference between binned predicted probabilities and observed
proportions. Lower values in these metrics indicate higher reliability.

Model fitting and hyperparameter tuning were conducted in R 4.5.2; Python 3.13.5 was
used for diagnostic summaries and figures. Detailed software versions, implementation
packages, and reproducibility details are provided in the Supplementary Materials.

4. Results
4.1. Out-of-Region Model Performance

Our spatial GAM is compared with the benchmarks, with and without a banner,
in Table 3 and Figure 3. With the banner included, random forest achieves the highest
discrimination (macro ROC AUC of 0.896), followed by spatial GAM at 0.873 and elastic
net at 0.872. GAM produces a higher balanced accuracy than random forest (0.568 vs.
0.544), while random forest produces a higher macro F1 (0.551 vs. 0.533). Regionally,
the GAM accuracy varies from 0.740 in Plains to 0.874 in Southwest. The model families
therefore exhibit different predictive strengths, while the reported standard deviations
show substantial variation across held-out regions.

Figure 3. Out-of-region model performance with and without grocery banner.
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These aggregate measures conceal differences in class-specific performance. The
banner-inclusive spatial GAM has one-versus-rest AUC values of 0.926, 0.910, 0.850, and
0.806 for delivery only, pickup only, both and none, respectively. Using uncorrected held-
out predictions, recall is 0.888, 0.633, 0.540, and 0.212 for both, delivery only, pickup only
and none, respectively, averaged equally across the eight regions. Low recall for the rarest
class limits the model’s usefulness for identifying stores that offer neither service, even
when overall discrimination is strong. This distinction illustrates why accuracy alone is
insufficient to evaluate an imbalanced multiclass model.

4.2. Organizational Consistency and Regional Adaptation

Without the banner, the mean macro ROC AUC is lower for every model. For spatial
GAM, it falls by 0.085, from 0.873 to 0.788; corresponding reductions for elastic net and
random forest are 0.075 and 0.062. These paired specifications use the same observations
and regional validation protocol, supporting the predictive relevance of banner as a proxy
for organizational information. Regional changes in GAM macro ROC AUC after adding
the banner are Mideast, +0.226; New England, +0.139; Rocky Mountain, +0.123; Far West,
+0.081; Great Lakes, +0.069; Southwest, +0.055; Plains, +0.032; and Southeast, −0.047
(Figure 4). This variation may partly reflect the regional banner composition rather than
the number of banners represented in each region. The benchmark models also show an
overall performance gain from including the banner.

Figure 4. Within-region change in ROC AUC after including banner. Values compare paired specifi-
cations using the same held-out region; positive values favor the banner-inclusive model.

4.3. Variable Importance

For spatial GAM, the banner has a permutation importance of 0.260, followed by the
store type and demographic variables (Figure 5). Banner importance levels in elastic net
and random forest are 0.188 and 0.198, respectively. In all three models without the banner,
the store type is the dominant predictor, with mean AUC reductions ranging from 0.231
to 0.247.
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Figure 5. Model-agnostic permutation importance measured as the decline in held-out macro ROC
AUC. Spatial coordinates are permuted jointly.

The prominence of the banner and store type indicates the predictive relevance of
organizational and format information, but their importance scores do not separate their
independent contributions.

The remaining predictors contribute smaller decreases in held-out macro ROC AUC.
Spatial multinomial GAM assigns the largest remaining importance scores to a bachelor’s
degree or higher, population growth (2010–2020), and the average number of vehicles. The
elastic-net multinomial assigns the largest remaining importance scores to a bachelor’s
degree or higher, population growth (2010–2020), and the unemployment rate. Random
forest assigns the largest remaining importance scores to population density, median
household income, and a bachelor’s degree or higher. These scores describe predictive
associations rather than independent effects. Population growth in all models refers only
to the observed 2010–2020 measure.

4.4. Directional Response Profiles

Cross-fitted response profiles show the direction of the fitted associations while re-
taining held-out stores’ other characteristics. In the GAM with a banner, increasing the
share with a bachelor’s degree from its 5th to 95th percentile changes the prior-adjusted
probability of both services from 0.739 to 0.877. Over the corresponding range, historical
population growth changes this probability from 0.758 to 0.864, and population density
changes it from 0.811 to 0.765 (Figure 6).
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Figure 6. Cross-fitted, prior-adjusted GAM response profiles for theoretically selected market vari-
ables. Each curve varies one predictor while retaining held-out stores’ other observed characteristics;
probabilities are averaged equally across regions.

Without a banner, the probability of both services changes across the 5th–95th per-
centile range by +23.0 percentage points for education, +12.4 percentage points for historical
population growth, +4.8 percentage points for local e-commerce demand, +5.1 percentage
points for competitive saturation, and −6.9 percentage points for population density. The
store format yields a differentiated profile (Figure 7). The banner-excluded GAM assigns
probabilities of both services of 0.904 for clubs and supercenters and 0.848 for the Other
category. Specialty stores have probabilities of 0.613 for pickup only and 0.321 for both.
Supermarkets have probabilities of 0.664 for both and 0.222 for delivery only. These profiles
quantify the predictive associations underlying store type’s importance.
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Figure 7. Prior-adjusted store-format response profile from the banner-excluded spatial GAM. Other
observed characteristics are retained, and probabilities are averaged equally across held-out regions.

Class-prevalence adjustment corrects the probability shift introduced by training-
fold SMOTENC. For GAM with the banner, the multiclass Brier score changes from 0.258
to 0.216, log loss from 0.600 to 0.550, and macro expected calibration error from 0.054
to 0.026. Corresponding metrics for all model families and both banner specifications
appear in Table S4. After adjustment, GAMs with and without the banner assign different
configurations to 15.2% of stores. The highest disagreement occurs in the Far West (24.3%)
and Mideast (23.5%), consistent with regional variation in the role of banner information.

5. Discussion and Limitations
5.1. The Banner as an Organizational Signature

Our strongest result is the high predictive power of the banner. The banner is a useful
proxy for the chain’s organizational signature, which identifies its customer promise, chan-
nel policy, technical architecture, fulfilment network and reach, external relationships and
managerial routines. This is a consistent story that is repeated across chains. Considering
the gains with the inclusion of the banner in geographically held-out data, we can see how
these firm-level choices can travel across local markets.

For companies trying to have a consistent brand image across their channels, with
an omnichannel strategy, this explanation particularly fits as cross-channel integration
depends on retailer IT capabilities and organizational conditions [37]. Such omnichannel
execution also requires modifications in technology and capabilities, especially with legacy
systems [38]. For customers, this strategy reinforces brand familiarity and a consistent
cross-channel experience [39]. Their perceptions of integration also increase trust and
satisfaction with the brand [40]. Even though different operating configurations like pickup
and delivery have very different requirements for execution, having a single corporate
policy, represented as the banner in the model, can carry these elements all at once.

The importance of the banner also shows that many fulfilment decisions may be made
at the corporate level and not at the store level. It may still be dependent on the type
of store, which is consistent with some organizations making these decisions above the
store level. Having standardized websites and apps, shared inventories, and fulfilment
promise across brands might be driving store-level decisions. Thus, while local trade-area
characteristics are important, they often operate within a framework that is designed by
the parent organization. This is further corroborated by the fact that 14 out of 16 banners
have modal configuration shares above 80%, showing that the conclusions are not limited
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to a few national chains. Furthermore, the regional variation may be explained by the
composition of chains, each company’s distribution capacity and operating constraints.
Retailers who have a strong, profitable presence in a market may choose to experiment
with their configuration of having delivery and pickup that they do not otherwise have
nationally. These variations may also arise from internal governance differences, i.e.,
differences in how managers from different regions approach the solution with different
levels of capital, labor and technological support at their disposal. For practical purposes,
organizational consistency and regional adaptations may be complementary methods for a
chain’s success in the market.

5.2. Interpreting the Other Important Factors

After the banner, the store type is the strongest predictor of the configuration. Different
types of stores, such as supercenters, wholesale clubs, specialty grocers, and supermarkets,
vary by customer footprint, available assortment, labor force staffing, inventory manage-
ment and, of course, order fulfilment. Following the parallelism that the feature banner
captures the nationwide organizational policy, the store type captures local customer and
company behavior. This is also directly related to the distribution design problem, as noted
by Hübner et al. [41].

The remaining important features describe the market’s characteristics, like demo-
graphics. For instance, population density determines both the concentration of potential
orders and the distribution of last-mile delivery operations. Similarly, education, income, ve-
hicle availability, household size and population growth are representations of e-commerce
readiness, financial capacity, travel options, demand size and potential for market expan-
sion, respectively. Spatial features, integral to our GAM, capture the regional conditions, as
some areas have geographies supporting characteristics such as labor supply, infrastructure
availability, legal environment and supply chain readiness. These features speak to the
plausible mechanisms of consumer adoption from the supply side.

The cross-fitted response profiles show the direction of these demand-side associations.
For instance, a higher share of residents with a bachelor’s degree or higher and greater
population growth is associated with a greater probability of dual-service deployment,
which is consistent with the innovation-diffusion hypothesis. A higher population density
modestly shifts the probability away from a both-services configuration, consistent with
the efficiency hypothesis, which posits that online channels have greater value in areas
where consumers are geographically dispersed. Taken together, these findings revalidate
Anderson et al.’s [33] competing hypotheses theory.

Although trade areas with a lower population density and lower income have a dis-
proportionate share of no-service stores, the GAM response profiles associate an increasing
population density with a declining probability of both services. Smaller positive associa-
tions of local e-commerce demand further suggest that chains respond to market viability
in addition to geographical suitability. Thus, we conclude that both innovation-diffusion
and efficiency mechanisms can often coexist under different circumstances [6,20].

When viewed through the lens of the digital divide between two broad groups (rich
or poor, race groups, etc.), the descriptive results show that the story may not hold strongly.
Although no-service stores were more common in low-density and low-income trade
areas, their prevalence did not increase consistently with the Black population share and
declined across quartiles of the Hispanic population share. Thus, this divide may result
from a sparser market deployment by the chains. These associations should be interpreted
jointly with the banner and store type because the catchment-derived predictors share a
feature-engineering design informed by the retail format.
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5.3. Managerial Implications

The two versions of our GAM (with and without the banner) estimate and answer two
related but different questions. Models with the banner predict the fulfilment configuration
that is most directly consistent with a chain’s established operating scheme for a given
trade-area polygon. On the other hand, models without the banner estimate the fulfilment
configuration associated with the measured local market characteristics and store type,
while omitting the explicit banner identifier. Because the store type remains in the model
and is associated with the banner, this specification does not isolate an independent effect of
local market conditions. Consequently, differences between the two models identify stores
where predicted configurations change when banner information is omitted and provide
a diagnostic for managerial review alongside constraints such as capacity, contracts, and
capital availability.

With these predictions for the models, a mixed banner profile, a smaller regional gain
or a large gap between the two GAM probability vectors for the four configurations all
suggest a closer review by a subject matter expert. Managers can review the store format
and directional profile to examine why the banner-informed prediction differs from the
configuration associated with measured local market conditions. The 15.2% disagreement
that we observed between the two GAM specifications is not a list of definite policy changes;
rather, we suggest treating the flagged stores as a set of locations for further review by the
store managers and/or the chains themselves.

5.4. Limitations and Future Research

Since our dataset is cross-sectional and national in scope, and we do not observe
the launch timing, service quality, delivery fees, order volume, fulfillment costs, margins,
profitability, capacity, or managerial intent, the model differences should be interpreted as
diagnostic signals for review rather than prescriptions for changing store configurations.
Even though we used three different high-quality proprietary datasets, all of them describe
a single point in time (i.e., are not panel data). Longitudinal data about each store’s channel
launches, coverage, infrastructure investment, and profitability would allow future research
to decompose the impact of the organizational policy (currently absorbed by the banner)
into its individual characteristics.

Additionally, as response profiles vary one predictor at a time and are averaged over
held-out stores, they describe out-of-sample conditional predictions. Subsequently, our
results are not causal estimates, since we lack counterfactual interventions. This limitation
is also the result of the fact that we cannot separate our individual inputs to the model as
they are not independent of each other. The catchment polygons were constructed using 10,
15, or 20 min drive-time thresholds assigned by retail format, which can induce dependence
among the store type, banner, and catchment-derived predictors. Robustness to alternative
polygon boundaries or a common drive-time threshold has not been tested because the
required alternative polygons and demographic extracts are unavailable in the current
analytical dataset.

The low recall for stores offering neither pickup nor delivery limits the model’s use
as a screening tool for no-service locations. Thus, we posit that predictions should be
supplemented with direct information on service availability when assessing potentially
underserved retail locations.

6. Concluding Remarks
Our research study reframes the grocery chain’s e-commerce availability at the store

level as a spatial modeling problem using an integrated dataset of 14,275 grocery stores in
the United States. We model four possible outcomes (pickup, delivery, both, or none) using
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three models, with a spatial generalized additive model (GAM) as the primary model and
elastic net and random forest models as benchmarks using store, trade area, geographic
and demographic features. We find that our GAM achieves a mean held-out ROC AUC
of 0.873, only slightly behind the highly complex random forest at 0.896, while having a
higher balanced accuracy and a more interpretable account of organizational, market and
geographic variations.

Three major findings emerge from our study. First, chain identity and store format are
the dominant features in predicting a store’s observed configuration across geographies.
The banner, which we interpret as a summary of the chain’s identity and customer promise,
results in a higher mean ROC AUC across all three model families, although the gains
vary across regions. Second, these gains vary across regions and banners, suggesting that
a consistent national policy does not always align with the configuration associated with
measured local market conditions. In models without the banner, the store type becomes
the dominant factor, followed by the trade area’s demographic, market, and geospatial
characteristics. Third, these deployment decisions do not reduce to a single urban/rural,
income, or racial divide. Rather, different configuration decisions may result from different
combinations of anticipated demand, accessibility and organizational capability.

For managers, our recommendation is to consider configuration deployment decisions
at two levels: banner-level corporate policy and the configuration associated with measured
local market conditions. Although a chain’s overall policy may suggest or require a
particular configuration, the banner-excluded model provides a comparison based on
measured local market conditions. Given that the banner-inclusive and banner-excluded
models assign different predicted configurations to 15.2% of stores, we interpret this
disagreement as a diagnostic for discussion rather than an automatic recommendation
from our model.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/jtaer21100357/s1, Table S1: Nested validation design and candidate
hyperparameter grids; Table S2: Frequency of selected hyperparameters across the eight outer
regional folds; Table S3: Final tuned out-of-region performance, reported as mean ± sample standard
deviation across eight equally weighted outer regions.; Table S4: Calibration metrics before and after
class-prevalence adjustment.
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