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Abstract 

In 2020, the COVID-19 pandemic drastically impacted travel for in-person shopping, 

commute trips, global supply chains, and food business operations. Previously mundane 

tasks, like shopping for food and household items, became markedly different as new 

social distancing and mask guidelines were put in place to mitigate the spread of COVID-

19. Concurrently, e-commerce sales in the U.S. skyrocketed. E-grocery pickup and 

delivery services saw unprecedented expansions. The adoption and use of e-grocery 

services have implications for equity and mobility, although the nature of the relationship 

of e-grocery to the latter is still unclear. Enhancing our understanding of the drivers of 

(and barriers to) online grocery shopping and its potential “stickiness”—or the extent to 

which e-grocery use will continue at the same or higher frequencies after the pandemic—

is a prerequisite for unpacking current and future consequences of this ecommerce sector 

on people and transportation networks.  

The goal of this work, then, is to 1) explore the drivers of adoption and use of e-

grocery services in the context of the COVID-19 pandemic and 2) estimate “stickiness” 

of online grocery ordering behaviors. Survey data (N=2,266) capturing household and 

individual information on demographics, attitudes, and behaviors are employed in 

carrying out this goal. First, individual e-grocery delivery adoption is explored using a 

series of mixed logit models disaggregated by household income. Demographics, 

COVID-19 related variables, and attitudinal indicators hold significant explanatory power 

in estimating the probabilities individuals will fall into non-adopter, pre-pandemic 

adopter, or during-pandemic adopter categories.  
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Next, relationships between in-store and online grocery shopping trip rates are 

investigated utilizing random parameters Tobit and hurdle models. Model results 

demonstrate heterogeneous and often asymmetric relationships between shopping modes.   

Finally, whether or not households will retain (or increase) their already elevated e-

grocery shopping behavior is examined. A random parameters binary logit model is 

applied to identify factors affecting the probability households a) ordered groceries online 

more often during the pandemic compared to before the pandemic, and b) expect to hold 

or increase the proportion of their groceries purchased online in the next year.  

The culmination of results show attitudes and COVID-19 related variables are 

strong drivers of e-grocery adoption, use, and stickiness. With respect to attitudes in 

particular, households with shoppers who find shopping online for groceries to be easy 

and who know others who shop online for groceries have a higher likelihood of adopting 

and using e-grocery services, as well as continuing these behaviors in the future. COVID-

19 related characteristics – including individual and household experiences related to 

employment, income, remote work, diagnosis, food insecurity, and changes in food 

shopping behaviors – were found to be significant across the suite of estimated models, 

demonstrating the sheer impact of the pandemic on household provisioning behaviors.  

Results from the “stickiness” analysis suggests households that are multimodal, below 

retirement age, and located in places with high e-grocery service availability are more 

likely to hold or increase their already elevated e-grocery usage. Households who have at 

least one member particularly vulnerable to COVID-19 or who reduced their in-store 

shopping frequency during the pandemic are also more likely to have e-grocery shopping 
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“stick”. Attitudes of household grocery shoppers also play a significant role: households 

whose shopper thinks it’s easy to shop online have an almost 17%-point higher 

probability of holding or increasing their already elevated proportion of groceries 

purchased online. 

The work concludes with a synthesis of findings, highlighting key drivers of and 

barriers to online grocery shopping, the impacts of the COVID-19 pandemic on e-

grocery, and implications for transportation systems and practice. This discussion 

includes recommendations for policy and future work.  
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1 Introduction 

In 2020, the COVID-19 pandemic drastically impacted travel for in-person shopping, 

commute trips, global supply chains, and food business operations. Previously mundane 

tasks, like shopping for food and household items, became markedly different as new 

social distancing and mask guidelines were put in place to mitigate the spread of COVID-

19. Google Mobility data show trips to grocery stores and pharmacies were down 15% by 

April of 2020, on average, compared to baseline values from the beginning of 2020 (1). 

Consumers may have faced increased difficulties finding essential items given the impact 

of the pandemic on food supply chains (2) and the rise of “panic buying” (3, 4). 

Agricultural supply chains have had to meet unprecedented demand, with online ordering 

becoming a key link in last-mile operations (5). 

While the pandemic has stifled some industries (restaurants included (6)), e-

commerce has accelerated. E-commerce sales in the U.S. increased almost 37% between 

the third quarters of 2019 and 2020 (7). Recent market research pins the 2020 increase of 

online grocery, or “e-grocery”, shopping between 40% (8) and 53% (9) based on total 

sales. The increase, here, is likely because online grocery shopping has been touted as a 

safer shopping option during the pandemic. The Centers for Disease Control and 

Prevention (CDC) recommend using online pickup or delivery methods for grocery 

shopping to limit interaction with others and curb the spread of COVID-19 (10). In April 

of 2020, Amazon released information about its efforts to expand pickup services at 

Whole Foods from 80 to 150 stores, citing an 60% increase in capacity for online orders 

(11).  
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Photo by Mick Haupt on Unsplash 

 

Adoption and use of online provisioning modes for groceries have important implications 

for equity. The effects of the pandemic exacerbated food insecurity, particularly for 

already vulnerable populations (12), with one study estimating 17 million more 

Americans would experience food insecurity in 2020 compared to 2018 (13). Figliozzi 

and Keeling (14) and Figliozzi and Unnikrishnan (15) provide extensive insights into 

how e-grocery and e-commerce services can improve equity outcomes for marginalized 

groups. 

Adoption and use of online provisioning modes for groceries also have important, 

albeit nuanced, implications for transportation systems. Consider, first, online delivery 

methods. While grocery shopping for online delivery may substitute for in-person food 

https://unsplash.com/photos/R3GF3w05yxU
https://unsplash.com/
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shopping trips, the subsequent effects on the transportation system depend on the travel 

mode of both events (16). For example, if both trips are taken by car, the delivery trip 

may be more efficient overall (in terms of emissions and system demand) because of 

route optimization. On the other hand, if a trip walking to the store is replaced by a 

vehicle delivery trip, this online order effectively increases roadway demand and vehicle 

emissions.  

Online pickup methods also have nuanced implications for our transport systems. 

Stores have set up limited space for curbside pickup in their parking lots. This shopping 

method may then, for example, reduce the volume of demand for parking at grocery 

stores, theoretically allowing most of that land to be used for another purpose. However, 

shoppers must still make a trip to the store. Assuming this trip is by car and consumers 

must wait some time to receive their orders, this trip may have a higher emissions 

footprint than an in-store shopping trip given idling for over 10 seconds generates more 

emissions than stopping and starting a car engine (17).  

Recovery from the brunt of the pandemic is hopefully on the horizon. Currently, 

Google Mobility data show grocery and pharmacy trips up 2% compared to baseline data 

from the beginning of 2020 (1). Yet, it is likely that some aspects of the pandemic—e-

grocery use included—will “stick”. Forbes notes that online ordering is one of three 

changes related to grocery shopping that is here to stay in a post-pandemic era (18). 

Recently published research by Salon et al. (19) outline transformative changes related to 

telecommuting, air travel, active transportation use, and online grocery shopping as a 

result of the pandemic. Enhancing our understanding of the drivers of (and barriers to) 

online grocery shopping and its potential “stickiness”—or the extent to which e-grocery 
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use will continue at the same or higher frequencies after the pandemic—is a prerequisite 

for unpacking current and future implications of this ecommerce sector on people and 

transportation networks.  

The goal of this work, then, is to 1) explore the drivers of adoption and use of e-

grocery services in the context of the COVID-19 pandemic, and 2) estimate “stickiness” 

of online grocery ordering behaviors. This work is carried out using survey data of 

persons who are primarily responsible for grocery shopping for their households, or who 

share this responsibility with other members. The remainder of this document is 

structured as follows. First, background on technology adoption and use is presented, 

with specific focus on ecommerce and online grocery shopping. Then, the survey data 

utilized in the study is described, along with externally appended datasets. The methods 

employed in the analyses are then presented. These include random parameters logit, 

Tobit, and hurdle models. Results from each step of the analysis are then discussed. The 

conclusion section synthesizes the culmination of findings to highlight key drivers of and 

barriers to online grocery shopping, the impacts of the COVID-19 pandemic on e-

grocery, and implications for transportation systems.  
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2 Background and contribution 

2.1 On technology adoption, e-commerce, and travel behavior 

There exists an abundance of literature on theories of behavior explicitly related to or 

later applied to technology adoption, including (but certainly not limited to): Task-

technology fit (TTF) (20, 21), Theory of Planned Behavior (TPB) (22), Technology 

Acceptance Model (TAM) (23), Innovation Diffusion Theory (24), and the Motivation-

Opportunity-Ability (MOA) model (25, 26). For parsimony, this section is focused 

mainly on the adoption and use of e-commerce services for pickup and delivery during 

the COVID-19 pandemic and/or pertaining to groceries. See Lai (27), Droogenbroeck 

and Hove (26), and Abu-Shanab (28) for more comprehensive reviews of this broader set 

of frameworks.  

2.1.1. Technology, e-commerce, and e-grocery adoption and use 

Droogenbroeck and Hove (26) examined e-grocery adoption through surveys regarding 

use Collect & Go, a Belgian grocery pick-up service with online ordering. Using a binary 

logit model analysis, the authors found associations between both household and 

individual level characteristics, including age, education level, and presence of children. 

The authors found the models including both individual and household-level 

characteristics to have higher predictive power compared to models that only include 

individual characteristics, bolstering the argument that both are important when assessing 

adoption of e-grocery services.  

In an evaluation of general e-commerce adoption, Naseri and Elliott (29) found 

that e-commerce adopters are more likely to be young, male, highly educated, and high 
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income. While Dominici et al. (30) reported the same trends for income, age, and 

education specifically with respect to online grocery shopping, they said e-grocery 

shoppers were more likely to be women than men. Men are more likely to shop online in 

general (26), although women may be more likely to shop both in-store and online (31) 

—perhaps because they do more of household provisioning in general (32). Larger 

households, particularly those with children, have been linked with more frequent online 

provisioning habits (31). Household vehicle ownership has been associated with 

preferences for in-store food shopping opposed to online food shopping (30).  

Additional fees associated with online ordering methods have proved to be a 

barrier to adoption for low-income households (33). A recent analysis of residents in 

Portland, OR demonstrated that Hispanic-Latino identifying populations and under-

educated populations were less likely to receive deliveries during COVID-19, while low-

income households and households with members over 65 were less likely to be 

subscribed to a delivery subscription service (15). Understanding the drivers of online 

shopping for food and household items will provide a picture of who is and isn’t using 

such methods, highlighting barriers so that planners, practitioners, retailers, and 

government institutions with regulatory power might address them.  

 Age is a commonly cited factor in the digital divide, as older Americans’ internet 

usage is increasing but still falls behind rates of other adults (34). Twenty-five percent of 

adults 65 and older never use the internet, compared to four percent of 50-64 year-olds, 

two percent of 30-49 year-olds, and one percent of 18-29 year-olds (35). Barriers 

associated with this group include (non-)ease of use, lack of knowledge of availability, 

and lack of technical support (36). 
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Major discrepancies in adoption of technologies exist across income groups, too. 

Higher incomes typically correspond with higher rates of online shopping (26, 37). 

Recent findings from the Pew Research Center show striking differences in adoption of 

internet-related technologies by income (38). For example, while 93% of households 

earning $100,000 or more have broadband internet at home, only 57% of those earning 

less than $30,000 do. Further, 92% of households earning $100,000 or more have a 

computer at home, compared to 84% of households with $30,000-$99,999 incomes and 

59% of households with income under $30,000. Fourteen percent of households earning 

less than $30,000 report not using the internet at all, compared to just one percent of 

those earning $75,000 or more and 2% earning $50,000-$75,000 (35). Income has been 

used as a moderating variable in analyses examining technology adoption (39, 40). The 

adoption-focused analysis in this work hypothesizes that differences in drivers of e-

grocery delivery adoption exist across income groups, suggesting a disaggregate 

modeling approach.  

Built environment factors also play a role in the adoption (and use) of 

technologies. Residents of densely populated cities are more likely to exclusively shop 

online (31); this may be in part due to better access to internet (41) or due to the increased 

access to stores and restaurants offering online ordering methods. In a study of Belgian 

shoppers, Beckers et al. (42) noted that dense neighborhoods with high incomes and 

levels of education are expected to have higher numbers of online shoppers (42). Chen et 

al. found telehealth adoption rates trend positively with increasingly urban contexts (43). 

E-commerce and freight research have demonstrated a positive association between 

population density or urban context and online shopping (41, 44).  
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 Unsurprisingly, attitudes have been found to be significant indicators of e-

commerce use in previous analysis of general and grocery online shopping (26, 37, 45, 

46). Using 1,580 survey responses of Danish e-commerce users—24% of whom had 

ordered groceries online—Frank and Peschel (47) developed a binary logit model to 

examine e-grocery adoption, as well as cluster analysis to develop e-grocery shopper 

typologies. The authors found that, when controlling for demographics, perceived social 

norm, compatibility with in-store shopping, and perceived advantage over in-store 

shopping are significant and positive predictors of online grocery shopping adoption. 

Further, the authors identify three segments of online shoppers, whose main priorities are 

1) price, 2) time, and 3) trust / brand awareness. Features used to classify shoppers 

included e-grocery costs, products available, delivery speed and accuracy, time savings, 

times available to shop, personal service, and brand name. While no significant 

differences existed across groups in e-grocery shopping frequency, the authors noted the 

segment associated with price consciousness held the greatest share of weekly grocery 

shoppers.  

Huang and Oppewal (48) employed a choice experiment of U.K. consumers. 

Their sample was built using intercept surveys of 152 grocery shoppers; under a quarter 

of these shoppers had previous experience shopping online for groceries. The authors 

hypothesized delivery costs would be the major factor affecting grocery shopping mode. 

However, their analysis revealed the effect on shopping mode choice of a 15-minute 

travel time increase was almost double that of a delivery fee increasing from zero to five 

pounds (roughly $6.90 USD). Factors associated with perceived costs, risks, 

convenience, and enjoyment were also found to influence the choice to shop online (or 
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not). Hansen et al. (49) found compatibility with existing shopping behaviors, perceived 

advantages over in-store shopping, affirmative social norms, and low risk and complexity 

related to the Internet to differentiate e-grocery adopters from non-adopters. Piroth et al. 

(50) also found social norms to be a strong predictor of e-grocery adoption, while Hand et 

al. (51) noted level of satisfaction with shopping channels is an indicator of grocery 

adoption and continued use  

 Singh and Rosengren (52) provided an overview of switching between e-grocery 

retailers. Using 221 survey responses of e-grocery shoppers and structural equation 

modeling, the authors noted that poor customer service and item quality, along with high 

costs and technical problems with online platforms, are significant factors that push 

consumers to switch to other online retailers in their grocery shopping. Further, positive 

word-of-mouth about a particular online retailer and the availability of alternative 

products are significant in attracting consumers toward an online retailer. It is plausible 

that these factors attracting or detracting consumers between online retailers also 

influence adoption and continued use of e-grocery services when switching from 

traditional in-store shopping.  

2.1.2. Travel behavior, online shopping, and transportation impacts 

The relationship between traditional provisioning methods and online shopping for food 

and household items has serious implications for our transportation networks. However, 

the nature of the effects here are contingent on the substitutional versus complementary 

(or even asymmetric) relationship between online provisioning and traditional shopping 

modes (31, 53). The lines between passenger travel and freight transport become 
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increasingly blurred where delivery of goods can substitute for household trips (16). If 

new modes of shopping prevail, there need be changes to meet increasing demand. 

Transportation Network Companies (TNCs) may jump to fill this gap, delivering both 

people to locations and essential items to people (5). This integration of food delivery and 

TNCs has already been observed with UberEats.  

In an extensive review of the impacts of e-commerce as related to transportation 

and freight travel, Rotem-Mindali and Weltevreden (16) explored a number of 

hypotheses related to contrasting substitutional and complementary relationships of e-

shopping and in-person shopping. The authors reported that online ordering exhibits 

substitutional effects if this shopping mode replaces a trip made to a store to shop (as 

might be the case with deliveries). However, they noted that the travel mode substituted 

for is necessary to understand the net effect on our transport systems. For example, if a 

household substituted a driving trip for a delivery, the freight trip (also in a vehicle) may 

be more efficient, especially if other delivery trips can be chained together. Conversely, if 

a household member planned to walk to a store to shop but instead ordered items for 

delivery motorized vehicle, this may incur a net increase on roadway demand (along with 

increased emissions, which has further implications for air quality and climate change).  

The increased system efficiency of online ordering is also contingent on a number 

of factors. With respect to delivery, Rotem-Mindali and Weltevreden (16) noted there is 

an inverse relationship between efficiency and delivery time frames. Where deliveries 

can be combined and chained together, scheduled routes can make such deliveries more 

efficient. However, when a strict timeline is imposed on deliveries, or where there is not 
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enough demand to plan chained delivery trips, deliveries may have a negligible efficiency 

impact.  

While the review provided by Rotem-Mindali and Weltevreden (16) focused on 

delivery, these notions extend to online pickup as well. Quicker turnaround of pickup 

trips compared to shopping events at the store may reduce the demand for parking. They 

may in turn, however, increase the demand for curb space so vehicles picking up 

groceries can be located near the front of the store. Trips made by car to pick up orders 

may also idle in the parking lot while waiting, releasing more emissions than the same 

trip made to the store where the car was parked during an in-person shopping event.  

Rotem-Mindali and Weltevreden (16) stated online grocery shopping tends to 

substitute for in-person trips more than shopping online for other goods. In contrast, 

Farag et al. (37) found a positive relationship between in-store and online daily shopping 

trips (which included grocery trips), suggesting a complementary relationship. The 

uncertainty surrounding the nature of the relationship between online and in-person 

shopping for food and household items necessitates more investigation into behavioral 

drivers of both of these modes. This would allow for further analysis to parse out in 

which contexts substitutional versus other situations happen and extrapolate findings to 

estimate transport system impacts.   

Although an extensive review is beyond the scope of this analysis, it is important 

to note impacts on the transportation system are closely tied to those on the environment, 

especially given the transportation sector is the largest contributor to greenhouse gas 

emissions in the U.S. (54). In a simulation study of e-grocery home delivery, Siikavirta et 

al. (55) found net greenhouse gas (GHG) emission impacts (based on km traveled/order) 
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of all simulation studies involving e-grocery home delivery to be improvements (e.g., 

reductions in GHGs) over the status-quo of in-person shopping. The authors reported that 

wider delivery time bands can help improve efficiency outcomes of routes because of the 

planned optimization. However, the study utilized data for e-grocery shopping in the 

Helsinki metropolitan area; given the greater car dominance in the U.S. compared to 

Europe, these savings may not translate to U.S. context.  

2.2 The future of e-grocery services 

The COVID-19 pandemic is certainly expected to be a behavioral trigger. Untangling the 

current drivers and implications of e-grocery use and adoption is vital to understand 

future trends and consequences. A study conducted by The Food Industry Association 

showed 89% of surveyed consumers made changes to the way they grocery shop, noting 

spending on groceries online likely doubled during the pandemic (56). Market 

penetration of e-grocery services is still fairly low but may hit 55%-66% by 2024, 

depending on COVID-19 recovery (57).  

 It is unclear if changes made by households and individuals to their grocery 

shopping behaviors in response to the pandemic will prevail. In the context of other 

major life events, Hand et al. (51) found that major life events, like the birth of a child or 

health issues, trigger the adoption of online grocery shopping. However, the authors 

reported that after these events pass, there may be a reversal of adoption behavior. In a 

nationally representative survey examining behavioral “stickiness” around the pandemic, 

Salon et al. (19) found the share of U.S. residents who shop online a few times a month to 

increase from 21% pre-pandemic to 30% post-pandemic (based on consumer 

expectations). A McKinsey report hypothesizes surges in e-commerce to “stick” in the 
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post-pandemic world, along with remote working and prevalence of e-health services 

(58).  

2.3 Summary of key determinants 

Based on the reviewed background literature in Sections 2.1-2.2, input variables 

hypothesized to have explanatory power in estimating e-grocery delivery adoption, online 

and in-store grocery trip rates, and the “stickiness” of e-grocery services fall into four 

broad categories: 

1. Other provisioning frequencies 

2. Household and respondent demographics, geographies 

3. COVID-19 related characteristics 

4. Household shopper attitudes  

 

The data used in the analyses are described in Section 3.  

2.4 Contribution of this work 

2.4.1 Novel examination of e-grocery service adoption, use, and stickiness in the context 

of the COVID-19 pandemic 

The COVID-19 pandemic is still ongoing, and data and analyses are being rapidly 

deployed to try to understand its vast societal impacts. This research contributes to this 

developing body of work by utilizing a novel dataset of household demographics, 

attitudes, and behaviors to paint a robust picture of the adoption, use, and “stickiness” of 

online grocery shopping. To the author’s knowledge, no existing work 1) examines 

factors influencing pre-pandemic, during-pandemic, or non-adoption disaggregated by 

relative income levels, 2) explores the relationships between in-store, online delivery, and 

online pickup trip rates during the COVID-19 pandemic, and 3) examines determinants 
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of households’ retaining or increasing already heightened use of e-grocery services in the 

future within the context of the same dataset. 

 The collected, cleaned, and processed data in this study (described in greater 

detail in Section 3) form their own contribution. By the end of 2021, the data associated 

with this research will include four cross-sectional waves of survey responses by the end 

of 2021. These data will be publicly available. Additionally, a new dataset determining 

the availability and extent of Instacart service at the zip code level in the five-state study 

area was scraped from the web for this analysis. Those data are described in Appendix C 

along with other compiled datasets mentioned in Section 3.3 and are available upon 

request. 

2.4.2 Methodological contributions 

Another contribution to this work involves the use of advanced econometric analysis in 

the evaluation of the novel dataset. All econometric models are estimated with random 

parameters. Unobserved heterogeneity may arise due to unobservables, resulting in the 

possibility of effects of estimated parameters varying across observations. Estimation of 

random parameters attempts to capture these heterogeneous effects by allowing variation 

in parameter estimates within the observed data. Failing to address unobserved 

heterogeneity may lead to serious issues from model misspecification (including biased 

or inefficient parameter estimates) (59), explaining the growing body of research 

incorporating random parameters model frameworks (60–64). Additionally, with respect 

to multinomial logit model frameworks, random parameters estimation helps mitigate 
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specification issues resulting from violation of the independence of irrelevant alternatives 

(IIA) assumption (65).    
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3 Data & Research Design 

The primary goals of this work are to 1) explore the drivers of adoption and use of e-

grocery services in the context of the COVID-19 pandemic and 2) estimate “stickiness” 

of online grocery ordering behaviors. This section describes the data and methods 

employed in achieving these goals. The primary data source comes from survey data in 

the second of four waves of surveys evaluating the impacts of COVID-19 on household 

provisioning for groceries across five U.S. states: Arizona, Florida, Michigan, Oregon, 

and Washington. The first wave of surveys was fielded in September and October of 

2020, while the second wave was fielded in January and February of 2021. The survey 

was administered by Qualtrics to their commercially available general population panel1. 

The project for which the data were collected is led by Kelly Clifton, PhD (PI, Portland 

State University), Kristina Currans, PhD (Co-PI, University of Arizona), Amanda 

Howell, MURP (Co-PI, University of Oregon), and Rebecca Lewis, PhD (Co-PI, 

University of Oregon). This research is funded by the National Science Foundation 

(NSF) and the National Institute for Transportation and Communities (NITC). The data 

for this project are currently being prepared for public release2. 

3.1 Survey administration, data cleaning and processing 

In the second wave of administered surveys, respondents were asked to provide insights 

into their household’s shopping behaviors in the last four weeks. Demographic and 

attitudinal information were also collected. In order to be eligible to complete the survey, 

 

 
1 Qualtrics indicates an approximate 10% response rate for these survey distributions. 
2 More information about the data and project available upon request. Check the Sustainable Urban 

Planning & Engineering Research (SUPER) Lab website for updates: http://www.superlab.us/ 

http://www.superlab.us/


 17 

participants were required to be the primary grocery shopper in their household, or else 

share the responsibility with other household members. Survey sample quotas were 

instituted based on household state, race of respondent (white alone/non-white alone), 

age (18-64/65+), household size (1,2, 3+), and household income ($0-$40k, $40-$80k, 

$80k+) to ensure sufficient representation of a diverse set of households in the sample. 

The associated survey instrument is provided in Appendix A: Wave 2 Survey Instrument.  

During the data collection process, incoming responses were evaluated for quality 

and scrubbed if various quality criteria were not met (e.g., speeding through the survey, 

providing gibberish answers to open-ended question responses, failing an internal quality 

check, etc.). The data were processed in R (66) and additional quality-control indicators 

were developed flagging households with contradictory responses or those who provided 

invalid information (e.g., households indicating they received SNAP benefits along with 

income ranges and household sizes that would make them ineligible; respondents who 

said they had not adopted e-grocery delivery but who had non-zero e-grocery delivery 

frequencies in the past four weeks, etc.). For this analysis, respondents who were flagged 

with any quality checks were filtered out. The sample was also filtered to focus on 

households in metropolitan zip codes (67) who provided full income information, giving 

a final sample of 2,266 households.  

3.2 Evaluated outcomes in analysis 

In this subsection, the outcome variables analyzed in this research are described. A 

number of potential explanatory variables were selected based on the reviewed 

background literature in Section 2. Descriptive statistics for outcome variables and tested 
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explanatory variables are provided in Appendix B: Descriptive statistics for outcome and 

explanatory variables.   

3.2.1 E-grocery delivery adoption 

 

Participating household grocery shoppers were categorized into one of three adoption 

phases for e-grocery delivery: 

• Pre-pandemic adopter (did this for the first time prior to the start of the COVID-

19 pandemic3) 

• During-pandemic adopter (did this for the first time after the start of the COVID-

19 pandemic3) 

• Non-adopter (have not ever done this) 

 

Based on the reviewed literature in Section 2, it was assumed that drivers of e-grocery 

delivery adoption would vary by household income level. Because of this, the data for the 

analysis examining drivers of e-grocery delivery adoption was disaggregated by income 

level in order to test for parameter transferability. Parameter transferability answers the 

question, “do the same parameter estimates for one income group readily apply to others 

or should separate models be estimated for each income group?”. In the parameter 

transferability process, described in more detail in Section 4, separate models are 

estimated for each income group. Then, the final model specifications for each group are 

applied to the other group’s datasets, and model fit is assessed using a parameter 

transferability test (65).  

Survey respondents, and their households, resided in a diverse set of counties and 

sizes. To ensure household income was representative of costs of living associated with 

 

 
3 Referred to in the survey as March, 2020 
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place and household size, a relative measure of income was developed to scale household 

income based on these characteristics. First, the midpoint of collected income ranges in 

the survey was determined. Then, the income midpoint, along with household size and 

county, were first used to assign households to the Department of Housing and Urban 

Development’s 2021 Section 8 Income Limits, which define ‘Extremely Low Income’, 

‘Very Low Income’, and ‘Low Income’ households as those whose household incomes 

do not exceed 30%, 50%, and 80% of a county’s median family income (68). These 

groups were consolidated into a “Low Income” segment for analysis. 

To further differentiate higher income groups, methodology from California’s 

Department of Housing and Community Development was applied, defining 

‘Median/Moderate’ income households as those earning 80-120% of a county’s median 

family income, and ‘Above Moderate Income’ households as those earning more than 

120% of a county’s median family income (69). These thresholds were rounded to the 

nearest $50. Households falling into these income categories were used as “Mid-Income” 

and “High-Income” segments in analysis.  

3.2.2 Estimating numeric trip values 

 

Shopping trips—both those taken by a household for traditional in-store shopping or 

online pickup, and those generated with an online delivery order—were of particular 

interest in this analysis. Household shoppers were asked how often their household 

traveled to a grocery store to shop, picked up an online grocery order at the store, or 

received an online grocery delivery order in the last four weeks. It was assumed survey 

respondents would be able to more accurately categorize their household’s shopping 
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behaviors in discrete categories versus providing numeric values. Response categories 

included: 

1. None in the last four weeks 

2. Once over the last four weeks 

3. 2-3 times over the last four weeks 

4. Once per week 

5. 2-3 times per week 

6. 4 or more times per week 

 

Statistical methods exist for modeling such discrete, ordered categories, like the ordered 

probit model. A major drawback to this method is that only the probability of being in 

one of the extreme categories (e.g., either 1 or 6 in the discretization above) could be 

readily interpreted. Further, the relationship between independent variables and trips 

themselves—not probabilities of being in a certain trip-making category—were of 

interest, particularly to explore the relationships between different provisioning methods. 

Because of this, the discretization above was translated into numeric monthly trips based 

on assumed midpoints of the trip categories: 

 

1. None in the last four weeks = 0 trips  

2. Once over the last four weeks = 1 trip 

3. 2-3 times over the last four weeks = 2.5 trips 

4. Once per week = 4 trips 

5. 2-3 times per week = 2.5 trips x 4 weeks = 10 trips 

6. 4 or more times per week = 4.5 trips (an assumed value aiming to account for the 

‘or more’ clause) x 4 weeks = 18 trips  
 

Note that a trip is defined as a one-way journey from origin to destination. Respondents 

were asked about household shopping behaviors over the last four weeks to capture 

variations in food shopping strategies. Assuming households plan grocery shopping 

events on a weekly basis, the numeric values above were divided by four to generate 
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weekly in-store, online pickup, and online delivery trip rates4, which were treated as 

continuous data measures. This transformation allows for a) more flexible modeling 

specifications in line with analytical interests and b) adjustment of the timescale to one 

more relevant for household grocery shopping.  

3.2.3 Stickiness of e-grocery services 

In order to evaluate stickiness of e-grocery services, a dichotomous variable was created 

that took a value of one if a respondent indicated: 1) their household was ordering 

groceries online (delivery or pickup) more often compared to before the pandemic, and 2) 

their projection of household proportion of groceries purchased online for pickup or 

delivery (versus in-store) was expected to stay the same or increase a year from the time 

of the survey; else, the outcome value was zero.  

 The former condition was determined from survey Q38 (see the survey instrument 

in Appendix A). The latter condition was derived from two questions that asked about 

households’ proportion of grocery shopping done online, both currently and asking 

respondents to project behaviors a year from now. Answer choices included: 

1. All in-store 

2. Mostly in-store 

3. About 50-50 

4. Mostly online 

5. All online 

 

 

 
4 These measures are referred to as rates because they are imperfect measures of trips per month per week 

(not just trips per week). The numeric values of these measures can be fractional, and as such they are not 

referred to as simply trips.  
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To fulfill this latter condition, respondents had to indicate they expected their households 

to retain to increase their proportion of groceries purchased online a year from the survey 

data. Roughly one quarter of the sample is ordering groceries online more often 

compared to before the pandemic and are expected to hold or increase their proportion of 

groceries purchased online in the next year.  

3.3 Data augmentation 

A number of archived data sources were appended to the survey. These appended data 

are summarized in Appendix C: External datasets appended to the sample data, given the 

information may be useful for others seeking relevant data sources related to online 

shopping, the built environment, or COVID-19.  

3.4 Data description 

Table 1 shows some basic comparisons of sample averages to state-level population 

demographics. The survey questionnaire only captured the race of the responding 

household shopper, not of all members of the household. Household respondents 

identifying as white (non-Hispanic) are overrepresented in the sample compared to state 

populations. Additionally, a higher proportion of survey respondents have access to a 

computer and internet at home than in state populations5. Household size and income data 

are relatively similar between respondents and state populations.  

 Figure 1 through Figure 6 visualize basic demographic data of the sample. Figure 

7 shows e-grocery delivery adoption status by income group (with all low-income 

 

 
5 See Section 5.1 (Limitations) for implications 
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categories consolidated; these represent the data segments in the models of e-grocery 

delivery adoption). A chi-square test demonstrates differences in those income and e-

grocery delivery adoption distributions are not due to chance, χ2(df=4)=19.94, p < 0.001. 

Figure 8 summarizes respondent rankings of level of importance of various factors when 

grocery shopping. Figure 9 displays the distributions of respondent attitudes about 

technology and grocery shopping. Note that respondents were prompted to provide their 

attitudes about and perceptions of e-grocery shopping, even if they have never purchased 

groceries online before.  

 
Table 1 Comparison of survey data to state population 

   

White 

(non-

Hispanic), 

percent 

Household 

size 

Households 

with a 

computer, 

percent1 

Households 

with internet 

access, 

percent2 

Household 

income3 

Arizona 

(N=451) 

State 

population 
54.1% 2.69 89.9% 81.8% $57,232  

Survey 

sample 
78.9% 2.32 95.8% 95.3% $56,630  

Florida 

(N=504) 

State 

population 
53.2% 2.65 89.8% 80.8% $54,232  

Survey 

sample 
76.4% 2.29 95.0% 95.4% $58,968  

Michigan 

(N=444) 

State 

population 
74.7% 2.49 88.0% 79.0% $55,933  

Survey 

sample 
82.9% 2.33 96.2% 95.7% $57,477  

Oregon 

(N=424) 

State 

population 
75.1% 2.51 91.8% 83.9% $60,469  

Survey 

sample 
75.7% 2.46 96.9% 98.3% $61,132  

Washington 

(N=443) 

State 

population 
67.5% 2.55 92.7% 86.5% $71,386  

Survey 

sample 
79.2% 2.40 96.2% 95.9% $69,842  

Notes: 

All state population data compiled on 10/19/2020 from Census QuickFacts 

(https://www.census.gov/quickfacts) by state 

1 For the state population, this is households with a computer at home; for our survey sample, this is the 
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proportion of respondents indicating they had access to a computer or tablet at home. 

2 For the state population, this is households with a broadband internet subscription; for our survey 

sample, this is the proportion of respondents who indicated they had access to the internet at home. 

3 For state populations, this is median household income converted from 2018 dollars to 2019 dollars 

using U.S. Consumer Price Index data; for our survey sample, this is the mean of income category 

midpoints. 
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Figure 1 Household size distribution for sample (N=2,266) 

 
Figure 2 Household vehicle distribution for sample (N=2,266) 
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Figure 3 Household child status for sample (N=2,266) 

 

 
Figure 4 Household age profile for sample (N=2,266) 
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Figure 5 Respondent age category for sample (N=2,266) 

 

 
Figure 6 Household income level distribution in sample (N=2,266) 

 

 



 

 
Figure 7 E-grocery delivery adoption status by relative income group 
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Figure 8 Respondent rankings of relative importance of various factors when grocery shopping 

 

 

 

 

2
9
 



 

 
Figure 9 Respondent attitudes about grocery shopping and technology
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3.5 Model Development 

This section describes the development of models used to examine e-grocery delivery 

adoption, weekly grocery trip generation rates, and the stickiness of e-grocery services. 

All models were implemented in NLogit 5 software (70) using a forward stepwise 

approach (i.e., explanatory variables were added one-by-one to the model). Only those 

explanatory variables significant at a 90% confidence level were carried forward after 

each step6. This process was repeated, iterating through the list of independent variables 

provided in Appendix B until no new significant parameters were discovered, and no 

increase in log-likelihood was achieved. Variables that were highly correlated (Pearson’s 

correlation ±0.70)—including variables derived from combinations of others— were not 

tested within utility functions together to avoid potential multicollinearity issues. 

Variance inflation factors (VIF) were also assessed after model estimation to check for 

any collinearity problems.  

Unobservables in the models may generate unobserved heterogeneity, where the 

effects of estimated parameters vary across observations. For example, the literature 

demonstrates younger people are more likely to adopt and use e-commerce in general 

(29, 30), and so we might expect younger age groups to be positively associated with the 

adoption and use of e-grocery services. However, younger people are also less vulnerable 

 

 
6 The one exception is state indicator variables were included in all models, regardless of significance. 

Because the survey data contains observations from five different states, indicator variables flagging state 

location were included in all models, regardless of significance. Washington was selected as a reference 

case, given the higher e-grocery shopping frequencies seen in Figure 14 and its position as a tech hub, 

given Amazon and Microsoft are headquartered there. 
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to the negative health impacts of the COVID-19 pandemic, so they may be less likely to 

use e-grocery delivery services for their safety aspects, at least. Without knowing each 

individual’s full suite of attitudes about technology and the pandemic along with their 

age, we might expect heterogeneous effects of age on e-grocery service use and adoption. 

To account for this and other potential heterogeneous effects, random parameters were 

estimated for all models in the presented analyses after the forward stepwise process was 

completed. All estimated random parameters were assumed to be normally distributed. 

Use of this distribution allows for straightforward interpretations of the percentage of the 

sample where the direction of effect is above or below zero based on the parameter mean 

and standard deviation. Additionally, this distribution is adopted for many random 

parameters studies given it generally results in the best model fit compared to other tested 

distributions (63–65, 71). In all models, a random parameter was considered significant if 

the z-statistic for the standard deviation indicated significance at a 90% confidence level. 

With respect to the multinomial logit model, estimating random parameters (i.e., a mixed 

logit model) additionally addresses issues that might otherwise arise due to violation of 

independence of irrelevant alternatives (IIA) assumptions (65).  

All random parameters models are solved using a (simulated) maximum 

likelihood estimation (MLE) approach. Due to the complexities involved in solving the 

log-likelihood functions in random parameters frameworks, a best-practice simulation 

approach with 500 Halton draws is used (72–75). All estimated random parameters 

models were compared to their corresponding fixed parameter models with the following 

version of the log-likelihood ratio test (65): 
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𝜒2 = −2[𝐿𝐿(𝛽𝐹𝑃) − 𝐿𝐿(𝛽𝑅𝑃)] Eq. 1 

 

where 𝐿𝐿(𝛽𝐹𝑃) and 𝐿𝐿(𝛽𝑅𝑃) are the log-likelihood values at convergence of the fixed 

parameter and random parameter models, respectively, and 𝜒2 is a test statistic for 

comparison with critical values in a chi-square distribution table equal to the number of 

significant random parameters estimated in each mixed model7.  

3.5.1. Mixed Logit Models of Online Grocery Adoption 

A multinomial logit model (MNL) framework was utilized to explore factors related to 

the adoption of e-grocery delivery. Given potential structural differences in adoption 

factors across income levels, segmented models were developed for three groups of 

respondents (low-income, mid-income, and high-income) in order to determine if 

estimated parameters were transferable across income groups. These income groups are 

based on the relative income levels described in Section 3.2.1, with the low-income group 

comprising extremely low-, very low-, and low-income households. As described in 

Section 3.2.1, e-grocery delivery adoption status was parsed into three groups: non-

adopters, pre-pandemic adopters, and during-pandemic adopters.  

In the MNL model framework, each respondent n is expected to fall into the 

adoption-status i that affords them the highest utility, U: 

 𝑈𝑖𝑛 = 𝒙𝑖𝑛𝛽 +  𝜀𝑖𝑛 Eq. 2 

 

 
7 This comparison was conducted for all mixed and fixed-parameter models, but due to their 1) illumination 

of heterogeneous effects and 2) ability to address violation of the IIA assumption for multinomial logit 

models, all random parameter models were retained as the final models presented.  
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where x is a vector of characteristics for respondent n for category i and β is a vector of 

estimated parameters (76). The probability that respondent n will fall into the non-adopter 

(N), pre-pandemic adopter (B), or during-pandemic adopter (A) categories can be 

represented as: 

 
𝑃𝑛(𝑖) =  

𝑒𝒙𝑖𝑛𝛽𝑖 

∑ 𝑒𝒙𝑖𝑛𝛽𝑖𝑖=𝑁,𝐵,𝐴  

 Eq. 3 

 

Because each respondent is expected to fall into the category that offers the greatest 

utility, a respondent would be expected to belong to category i when 

 
𝑃𝑟𝑜𝑏(𝑈𝑖𝑛 >  𝑈𝑛𝑗), where i, j are in N,B,A and  i≠j. Eq. 4 

 

In estimating random parameters for the MNL (a mixed logit model), Eq. 3 changes to  

 

 
𝑃𝑛(𝑖 | 𝜓) = ∫

𝑒𝒙𝑖𝑛𝛽𝑖 

∑ 𝑒𝒙𝑖𝑛𝛽𝑖𝑖=𝑁,𝐵,𝐴  

𝑓(𝛽|𝜓)𝑑𝛽
 

𝒙

 Eq. 5 

 

where 𝑃𝑛(𝑖 | 𝜓) is the weighted probability a respondent n will fall into category i (here, 

into N,B, or A), 𝑓(𝛽|𝜓) is the density function of 𝛽, and 𝜓 is a vector of parameters 

associated with the density function (65).  

Recall that all estimated random parameters were assumed to follow a normal 

distribution. The simulated log-likelihood function in the mixed logit model is then 

 

𝐿𝐿 =  ∑ ∑ 𝛿𝑖𝑛ln[𝑃𝑛(𝑖 | 𝜓)]

𝐼

𝑖=1

𝑁

𝑛=1

 Eq. 6 

 

for n of N total observations and i of I total outcomes where 𝛿𝑖𝑛 is one if the outcome for 

respondent n is i and zero otherwise (65).  

To assess if each model was a significant improvement over a constants-only 

model, a log-likelihood ratio test was performed. In the log-likelihood ratio test, 
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𝜒2 = −2[𝐿𝐿(𝛽0) − 𝐿𝐿(𝛽𝑋1

)] Eq. 7 

 

where 𝐿𝐿(𝛽0) is the log-likelihood of the constants-only model, 𝐿𝐿(𝛽𝑋1
) is the log-

likelihood of each mixed-logit model at convergence, and 𝜒2 is a test statistic for 

comparison with critical values in a chi-square distribution table with the difference in 

parameters between the two models as the degrees of freedom. If the observed 𝜒2 is 

greater than the expected value of the distribution based on the appropriate degrees of 

freedom, the null hypothesis that the two models are statistically equivalent can be 

rejected. These log-likelihood values were also used to estimated McFadden’s Pseudo R2 

to assess goodness-of-fit, where 

 
𝑀𝑐𝐹𝑎𝑑𝑑𝑒𝑛′𝑠 𝑃𝑠𝑒𝑢𝑑𝑜 𝑅2 = 1 − 

𝐿𝐿(𝛽𝑋1
)

𝐿𝐿(𝛽0)
 Eq. 8 

 

and values of 0.2-0.4 indicate excellent fit (77).  

To test if the estimated parameters were transferable across income groups, the 

following log-likelihood ratio test using the mixed model log-likelihoods at convergence 

was used (65): 

 
𝜒2 =  −2 [𝐿𝐿 (𝛽𝑋1𝑋2

) − 𝐿𝐿(𝛽𝑋1
)] Eq. 9 

 

where 𝐿𝐿 (𝛽𝑋1𝑋2
) is the convergence log-likelihood for model X1 using the sample data 

from model X2, 𝐿𝐿(𝛽𝑋1
) is the convergence log-likelihood for model X1,  𝜒2 is a test 

statistic for comparison with critical values in a chi-square distribution table with the 

number of parameters in 𝛽𝑋1𝑋2
as the degrees of freedom, and X1 and X2 represent the 

final, random parameters models developed from two separate data segments, either low-

income, mid-income, or high-income. This test was completed for each pair of models, 
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resulting in six total tests. Then, the parameters, β, are fixed to their values from X1, and 

constant start values are assigned the respective constant values from X1. This model is 

estimated using the segment data for model X2, giving 𝛽𝑋1𝑋2
.  

In addition to regression coefficients, marginal effects were computed for 

significant variables. Marginal effects represent the change in the probability of an 

alternative being chosen for a one-unit increase in continuous variables, and are 

calculated as: 

 𝜕𝑃𝑛(𝑖)

𝜕𝒙𝑛𝑖
=

𝜕𝒙𝑖𝑛𝛽

𝜕𝒙𝑛𝑖
𝑃𝑛𝑖(1 − 𝑃𝑛𝑖) Eq. 10 

 

For indicator variables, marginal effects are estimated as the change in probability from 

absence to presence of an indicator, b: 

 

 
𝑀𝐸𝑏 = 𝑃𝑟𝑜𝑏[𝑦 | �̅�(𝑏), 𝑏 = 1] −  𝑃𝑟𝑜𝑏[𝑦 | �̅�(𝑏), 𝑏 = 0] Eq. 11 

 

where  �̅�(𝑏) represents the mean values of the other variables present in the model, held 

constant. 

3.5.2. Trip generation models 

This section describes the modeling approaches for the trip outcomes described in 

Section 3.2.2. As a reminder, trips refer to those taken for in-store and online pickup 

grocery shopping and those generated for the delivery of online grocery orders. Further, 

the trip rates reflect one-way journeys from origin to destination points.  

 Recall that numeric values for trips were determined for four weeks’ time and 

divided by four to obtain a weekly estimate. Because of this, there are fractional measures 
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of trips. These measures are then assumed to be continuous and called weekly trip rates, 

although they are rough measures of trips per week8. Such trip rates could not be 

negative, which influenced the choice of modeling approaches for weekly in-store, online 

pickup, and online delivery grocery shopping rates.  

3.5.2.1 Tobit regression models for in-store grocery shopping  

The distribution of weekly in-store grocery shopping trip rates is displayed in Figure 10. 

Although the data were assumed to be continuous, the non-negative nature of trip-making 

caused concern in adopting ordinary-least squares (OLS) regression methods9. The Tobit 

model, first proposed by Tobin (78), is an attractive alternative as it accounts for 

censoring at zero; ignoring this for multiple linear regression may produce biased 

coefficient estimates (79) and non-zero predicted values (80). Tobit models have been 

applied in transportation research to analyze, for example, accident frequencies (60, 62, 

71, 81), vehicle miles traveled (82, 83), activities and travel times (84), and trip 

generation (85).  

 

 
8 Additionally, note the distributions in the following subsections divide households into discrete trip rates 

for each category. While this is a result, again, of the numeric coding of qualitative trip making categories, 

the data are assumed to be continuous in this analysis. 
9 Additional implications of assuming a continuous outcome variable with only discrete observations are 

discussed in the Conclusions section.  
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Figure 10 Histogram of weekly in-store grocery shopping trip rates 

A key advantage of Tobit regression is its ability to model distributions with large 

clusters of data at zero, typical of left-censored data. In this example, just under five 

percent of respondent’s households had zero in-store grocery shopping trips in the last 

four weeks. While this is by no means a substantial cluster of the data at zero, analyses 

where Tobit regressions have been applied vary in their extent of censoring. In an 

analysis conducted by Anastasopoulos et al. (71) that utilized Tobit regression, 65 of 200 

road segments (33%) had no observed accidents. In another example, only 12% of the 

1,038 observations used for Tobit regression surrounding accident rates were zero-valued 

(62). Given some flexibility in this, and due to the non-negative nature of the data, a 

Tobit model was used to estimate weekly in-store grocery shopping trip rates.  

The formulation for the Tobit model is focused on an uncensored, latent variable 

y*: 
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 𝑦∗ = 𝒙𝛽 +  𝜀 Eq. 12 

where x is a vector of respondent or household characteristics, β is a vector of estimated 

parameters, and 𝜀 is the associated normally distributed error term (76, 80). The observed 

and censored y, in this case, weekly in-store grocery shopping trip rates, relate to y* 

through an index function, where 

 𝑦 = 0                         𝑦∗ ≤ 0 

𝑦 = 𝑦∗                         𝑦∗ > 0 
Eq. 13 

The value of y* follows traditional linear regression assumptions, namely that 𝐸[𝑦∗|𝒙] =

𝒙𝛽. However, the censored variable y is of interest, and its expected value is 

 
𝐸[𝑦|𝒙] =  Φ (

𝒙𝛽

𝜎
) (𝒙𝛽 + 𝜎𝜆) Eq. 14 

where Φ is the CDF of the standard normal distribution, and 𝜆 is the inverse Mills ratio 

(IMR), defined as 

 

 
𝜆 =

𝜙[
0−𝒙𝛽

𝜎
]

1−Φ[
0−𝒙𝛽

𝜎
]

=
𝜙(

𝒙𝛽

𝜎
)

Φ(
𝒙𝛽

𝜎
)
  Eq. 15 

where 𝜙 is the PDF of the standard normal distribution. 

Again, random parameters were estimated to attempt to capture unobserved 

heterogeneity given the included (and potentially missing) variables relevant to in-person 

grocery shopping. Random parameters in the Tobit model are estimated as 

 𝛽𝑛 = 𝛽 + 𝜓𝑛 Eq. 16 

where 𝛽𝑛 is a vector of random parameters to be estimated, 𝛽 is vector of the 

corresponding parameter means, and 𝜓𝑛 is a vector of randomly distributed (in this 



 40 

analysis, normally distributed) terms (71, 76). In the fixed parameters Tobit model, the 

log-likelihood function is (76): 

 
𝐿𝐿 =  ∑ −

1

2
[log(2𝜋) + ln(𝜎2) + 

(𝑦𝑖 − 𝒙𝑖𝛽)2

𝜎2
]

𝑦𝑖>0

+ ∑ ln [1 − Φ (
𝒙𝑖𝛽

𝜎
)]

𝑦𝑖=0

 Eq. 17 

In the case of random parameters estimation (assuming all parameters are normally 

distributed), Eq. 17 is rewritten as (71, 86) 

 
𝐿𝐿 =  ∑ ln ∫ 𝜙(

 

𝜓𝑛∀𝑛

𝜓𝑛)P(𝑦𝑛
∗|𝜓𝑛)𝑑𝜓𝑛 Eq. 18 

 where all variables are as previously defined. 

As with the mixed logit model a log-likelihood ratio test (Eq. 8) is used to 

compare the estimated model with a constants-only model. As an additional assessment 

of model fit, a Maddala Pseudo-R2 (87) value was calculated as follows, given its 

prevalence in use for Tobit regressions (81, 88, 89): 

 
𝑅𝑀𝑎𝑑𝑑𝑎𝑙𝑎

2 = 1 − 𝑒
−2[𝐿𝐿(𝛽)−𝐿𝐿(0)]

𝑁  Eq. 19 

where 𝐿𝐿(𝛽) is log-likelihood of the best-fit model, 𝐿𝐿(0) is the log-likelihood of the 

constants only model, and N is the number of observations. 

The estimated coefficients in the Tobit model express the relationship between the 

independent variables and y*. This necessitates some reconfiguration to obtain effects of 

interest on the censored y. Assuming a normally distributed error term and accounting for 

left censoring at zero, McDonald and Mofitt (90) suggest such a configuration where, for 

a given observation i, 

 𝜕𝐸[𝑦𝑖|𝒙𝒊]

𝜕𝒙𝒊
=  Prob[𝑦𝑖 > 0]

𝜕𝐸[𝑦𝑖 |𝒙𝑖 , 𝑦𝑖 > 0]

𝜕𝒙𝑖
+ Eq. 20 
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𝐸[𝑦𝑖 |𝒙𝑖 , 𝑦𝑖 > 0]
𝜕Prob[𝑦𝑖 > 0]

𝜕𝒙𝑖
 

Here, changes in independent variables influence the conditional mean (i.e., where y* > 

0) and the probability that y* will be non-zero (and positive). Note that, for indicator 

variables (the majority of those included in analysis), marginal effects are interpreted as 

the difference in the expected value of y when the variable shifts from zero to one.  

3.5.2.2. Cragg hurdle regression models for online grocery pickup and delivery trips 

The distributions of weekly online grocery pickup and delivery shopping trip rates are 

displayed in Figure 11 and Figure 12. Both the nature of the data and theoretical 

considerations influenced the modeling choice for online grocery pickup and delivery trip 

rates. First, a substantial portion of the sample did not buy groceries online in the last four 

weeks (75% each for pickup and delivery). While Tobit models are equipped to handle 

censoring of dependent variables (which was theoretically aligned with in-store grocery 

shopping, given it is the traditional method), it is less apt for cases where an inflated 

number of zero values are observed (91), as is expected with these newer online 

provisioning modes. Cragg (92) proposed extensions of the Tobit model, often referred to 

as hurdle models, that estimate the participation in the behavior separately from the 

observed frequencies. The hurdle model adopted here first estimates the use of e-grocery 

delivery or pickup with a binary probit participation model. Frequency of use is then 

estimated with a truncated regression. 

3.5.2.2.1. The ordinal probit participation model 

 

Binary outcomes for weekly use of e-grocery pickup and delivery were defined as one if 

the weekly shopping trip rate was greater than zero, and zero otherwise. The binary probit 
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Figure 11 Histogram of weekly online grocery pickup shopping trip rates 

 

 
Figure 12 Histogram of weekly online grocery delivery shopping trip rates 
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participation model stems from random utility relationships presented in Section 3.5.1 for 

the mixed logit model. The probability of participation (here, in ordering groceries online 

for pickup or delivery) for a respondent n is generally denoted as 

 
𝑃𝑛(1) = Prob(𝒙1𝑛𝛽1 − 𝒙0𝑛𝛽0 >  𝜀0𝑛 − 𝜀1𝑛). Eq. 21 

 

In the case of the binary probit, 𝜀0𝑛 and 𝜀1𝑛 are assumed to be normally distributed and 

(76) 

 

 
𝑃(1 |𝒙) =  ∫ 𝜙

𝒙′𝛽

−∞

(𝑡)𝑑𝑡 = Φ(𝒙′𝛽). 
Eq. 22 

 

In the random parameters probit model, the vector of parameter estimates is added to a 

randomly distributed (here, normally distributed) term as displayed for the random 

parameters Tobit model in Eq. 16.   

3.5.2.2.1. Cragg’s hurdle model 

 

In Cragg’s (92) proposed hurdle model, the binary probit model is then combined with a 

truncated regression for estimating participation and frequency, respectively, with a 

density expressed as (93, 94): 

 𝑓(𝑦 | 𝒙𝟏, 𝒙𝟐) = [1 − Φ(𝒙𝟏𝜸)]1[𝑦=0]{Φ(𝒙𝟏𝛾)[(𝒙𝟐𝜷/𝜎)]−1[𝜙({𝑦 − 𝒙𝟐𝜷}/𝜎)/𝜎]}1[𝑦>0] 
Eq. 23 

where x1 and x2 are vectors of sample characteristics included in the participation and 

frequency components, respectively, γ and β are their associated coefficient vectors, and 

all other variables are as previously defined. As Burke (93) notes, the probit and 

truncated regression can be estimated separately. Wooldridge (80) provides a detailed 

discussion of the truncated regression, while Altman et al. (95) develop a random 

parameters truncated regression model, as was done in this analysis. While the 
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participation and frequency models are estimated separately, the unconditional (i.e., for 

all values of y) expected outcome depends on the model specifications of both the 

participation and frequency models (93) 

 
𝐸[𝑦 | 𝒙𝟏, 𝒙𝟐] =  Φ(𝒙𝟏𝜸){ 𝒙𝟐𝜷 +  𝜎 ×  𝜆 (

𝒙𝟐𝜷

𝜎
)} Eq. 24 

For a continuous variable j, the unconditional marginal effects are then (93) 

 𝜕𝐸[𝑦 | 𝒙𝟏, 𝒙𝟐]

𝜕𝑥𝑗
= 𝛾𝑗𝜙(𝒙𝟏𝜸) ×  {𝒙𝟐𝜷 +  𝜎 ×  𝜆 (

𝒙𝟐𝜷

𝜎
)} +  

Φ(𝒙𝟏𝜸) ×  𝛽𝑗[1 −  𝜆 (
𝒙𝟐𝜷

𝜎
) { 𝒙𝟐𝜷 +  𝜎 ×  𝜆 (

𝒙𝟐𝜷

𝜎
)} 

Eq. 25 

Eq. 25 demonstrates the connection between the participation and frequency models. As 

Burke (93) notes, even if xj  belongs only to x1 or x2 (but not both), the marginal effect 

depends on both 𝑥1𝛾 and 𝑥2𝛽. Note that, for indicator variables, the marginal effect is 

computed based on Eq. 25 as the difference in the expected value of y when the variable 

shifts from zero to one, all other variables held constant at their means. 

Both components (participation and frequency) of the final estimated hurdle 

model were compared constants-only versions using Eq. 8, and McFadden’s Psuedo-R2 

(77) was calculated using Eq. 9. 

3.5.3. Binary logit model for future use 

 

A binary logit model was used to explore the stickiness of e-grocery services. As 

described in Section 3.2.3, the outcome variable in this model equaled one if a respondent 

indicated 1) their household was ordering groceries online (delivery or pickup) more 

often compared to before the pandemic and 2) they expect the proportion of their 
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household’s groceries purchased online (for pickup or delivery, compared to in-store) 

would stay the same or increase a year from the time of survey fielding. 

 The binary logit is simply a special case of the MNL presented in Section 3.5.1 

where the outcome variable is dichotomous. In the case of this analysis and the binary 

logit model framework, the probability a respondent’s household will hold or increase 

their already elevated proportion of purchasing groceries online is represented as (76) 

 
𝑃𝑟𝑜𝑏(𝑌 = 1 | 𝒙) =  

𝑒𝒙𝛽 

1 + 𝑒𝒙𝛽 
 

Eq. 26 

 

In the random parameters binary logit model, Eq 27. becomes Eq. 28 in this special case 

of Eq. 5, and the simulated log-likelihood function is the same as Eq. 6.  

 

 
𝑃𝑛(𝑖 | 𝜓) = ∫

𝑒𝒙𝛽 

1 + 𝑒𝒙𝛽 
𝑓(𝛽|𝜓)𝑑𝛽

 

𝒙

 Eq. 27 

 

Again, a log-likelihood ratio test (Eq. 8) to compare the estimated model to the 

constants-only model was performed, and McFadden’s Pseudo-R2 (Eq. 9) was calculated 

as an additional assessment of model fit. Marginal effects for continuous and indicator 

variables were calculated as defined in Eq. 10 and Eq. 11, respectively.  
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4 Results and Discussion 

In 2019, the analytics company Gallup posted an article titled “Online Grocery Shopping 

Still Rare in U.S.” (96). Data were presented on U.S. adults’ in-store grocery and e-

grocery shopping frequencies. The data, collected by Gallup in a survey of consumer 

habits in July of that year, showed 88% of U.S. adults ordered groceries online for pickup 

or delivery less than once a month (or never). 

 In-store and e-grocery shopping frequencies from the survey data for this study 

were compiled for comparison to the Gallup poll. Recall the survey data used throughout 

this study are from the second of four waves of surveys associated with a larger project. 

Data from the first wave of surveys were also organized for comparison with the Gallup 

poll.10 The Gallup data are nationally representative. For better parity in the comparison, 

both waves’ respective datasets were weighted by household size, income, and the 

presence of children in the household at a state level11.  

Figure 13 shows the comparison of in-store the Wave 2 in-store shopping 

frequencies are higher than those in Wave 1. This may coincide with vaccination rollouts 

or lifted restrictions across the study areas. In Figure 14, e-grocery delivery and pickup 

frequencies observed in the survey data sit in contrast to the Gallup poll data. E-grocery 

use is slightly higher in the Wave 2 cross-section than in Wave 1, even as Wave 2 

respondents also exhibited higher in-store shopping rates. Together, the figures suggest  

 

 
10 The two surveys are cross-sectional and do not represent a panel. The Wave 1 data were cleaned, 

processed, filtered, and subset in the same way described for Wave 2 
11 This is the only section in this document where data from survey Wave 1 and weighting is used. There 

are slight differences in how the first and second waves defined e-grocery shopping, given different survey 

instruments were used across waves. More information about Wave 1 and the survey weighting process is 

available upon request.  
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Figure 13 In-store shopping frequency: comparison of Gallup data to survey data 

 

Figure 14 E-grocery delivery or pickup shopping frequency: comparison of Gallup data to survey 

data12 
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that while consumers may be getting more comfortable with resuming in-store grocery 

shopping, e-grocery usage rates show no sign of slowing down.  

This remainder of this section presents and discusses results of the suite of 

estimated models. Model results related to e-grocery adoption (for delivery), use, and 

stickiness are discussed individually in their own subsections. The broader context of the 

culmination of findings, including implications for policy and transport systems overall, 

are left for the conclusions section.  

4.1 E-grocery delivery adoption  

The estimated mixed logit models for low-income, mid-income, and high-income 

household shoppers’ e-grocery delivery adoption are presented in Table 2, Table 3, and 

Table 4, respectively. While aggregate descriptive statistics for tested variables across 

analyses are presented in Appendix B, Appendix D provides disaggregate descriptive 

statistics by income level for significant variables for the e-grocery delivery adoption 

models.  

All models were significant improvements over their constants-only models with 

over 99% confidence based on Eq. 8. Two parameters each were found to be significantly 

random with normal distributions in the mid-income and high-income models, while four 

were discovered in the low-income model. From Eq. 1, the mixed logit models were a 

significant improvement over the fixed-parameter models with 91% confidence for low-

 

 
12 Note: “More than once a week” for Gallup poll is 1%. The data only add to 99% likely due to rounding, 

as percentages from the Gallup article were only given to the ones’ place. 
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income, 99% confidence for mid-income, and 94% confidence for high-income 

segments, respectively.  

 First, a formal write-up of model results is presented. Then, graphics highlighting 

a series of scenario analyses are offered.



 

Table 2 E-grocery delivery adoption for shoppers from low-income households 

     Marginal effects 

 

Coef. Std. Error z-stat  
Pre-

Pandemic 

Adopter 

During-

Pandemic 

Adopter 

Non-

Adopter 

Pre-Pandemic Adopter        
Constant -0.882 0.934   -0.94      

HH income is 'Extremely Low Income' -1.132 0.333   -3.40  *** -0.026 0.012 0.014 

HH located in Arizona -0.325 0.401   -.81   -0.005 0.002 0.003 

HH located in Florida 0.328 0.401     .82   0.006 -0.003 -0.003 

HH located in Michigan -0.162 0.395   -.41   -0.003 0.001 0.002 

HH located in Oregon -0.561 0.423   -1.33   -0.008 0.003 0.005 

When grocery shopping, being able to inspect items for quality is not 

important 
0.799 0.428   1.87  * 0.006 -0.003 -0.003 

When grocery shopping, not having to carry items is very important 0.591 0.324   1.83  * 0.013 -0.008 -0.006 

Knows others who are ordering groceries online 0.869 0.298   2.92  *** 0.043 -0.025 -0.018 

Thinks it is easy to shop online for groceries 1.588 0.357   4.45  *** 0.105 -0.056 -0.050 

Disagrees that scheduling grocery delivery is difficult 1.053 0.312   3.38  *** 0.033 -0.016 -0.017 

During-Pandemic Adopter        

Constant -1.457 0.932   -1.56      

Age 18-24 1.480 0.492   3.01  *** -0.004 0.020 -0.016 

HH income is 'Extremely Low Income' -0.705 0.323   -2.18  ** 0.007 -0.023 0.016 

HH's preferred grocery store is not easy to get to from home 1.246 0.489   2.55  ** -0.002 0.007 -0.005 

HH located in Arizona 0.217 0.389     .56   -0.002 0.004 -0.003 

HH located in Florida 0.738 0.392   1.89  * -0.007 0.017 -0.009 

HH located in Michigan 0.068 0.389     .18   -0.001 0.001 -0.001 

HH located in Oregon -0.525 0.421   -1.25   0.003 -0.008 0.005 

5
0
 



 

HH is purchasing more groceries each shop compared to before the 

COVID-19 pandemic 
0.653 0.242   2.69  *** -0.014 0.034 -0.020 

HH dissatisfied with item quality when in-store shopping during the 

COVID-19 pandemic 
1.220 0.463   2.64  *** -0.002 0.008 -0.006 

When grocery shopping, not having to carry items is very important 0.707 0.318   2.23  ** -0.009 0.020 -0.010 

Knows others who are ordering groceries online 1.224 0.284   4.31  *** -0.035 0.073 -0.038 

Thinks it is easy to shop online for groceries 1.465 0.339   4.32  *** -0.051 0.110 -0.058 

Disagrees that scheduling grocery delivery is difficult 0.768 0.419   1.83  * -0.015 0.039 -0.024 

Standard deviation of parameter, normally distributed 2.004 0.963   2.08  **    

Non-Adopter        

Age 18-24 1.101 0.518   2.13  ** -0.003 -0.012 0.015 

Age 25-34 -0.315 0.308   -1.02  * 0.004 0.004 -0.008 

Standard deviation of parameter, normally distributed 1.639 0.761   2.15  **    

Currently employed -0.442 0.250   -1.77  * 0.008 0.011 -0.019 

All members of HH are age 65+ 0.756 0.361   2.09  ** -0.006 -0.007 0.013 

HH has access to more than one vehicle 0.497 0.268   1.86  * -0.007 -0.009 0.016 

Travels to the grocery store by vehicle only [driver or passenger], no other 

modes 
0.694 0.295   2.35  ** -0.014 -0.022 0.036 

Standard deviation of parameter, normally distributed 1.189 0.649   1.83  *    

HH dwelling unit does not require delivery personnel to request access  0.589 0.306   1.93  * -0.022 -0.029 0.051 

Zip code population density (population per square mile, ln transformed) -0.169 0.086   -1.97  ** 0.058 0.076 -0.134 

HH has not changed grocery stores in response to the COVID-19 

pandemic 
0.712 0.282   2.52  ** -0.024 -0.030 0.054 

HH has not changed in-store grocery shopping frequency compared to 

before the start of the COVID-19 pandemic 
1.072 0.280   3.83  *** -0.023 -0.027 0.050 

 

 

5
1
 



 

Disagrees that HH members are too tired to cook in response to the 

COVID-19 pandemic 
0.534 0.248   2.16  ** -0.009 -0.011 0.019 

When grocery shopping, being able to inspect items for quality is very 

important 
0.647 0.247   2.62  *** -0.016 -0.024 0.040 

When grocery shopping, minimizing travel to the store is not important 1.249 0.536   2.33  ** -0.003 -0.005 0.008 

Standard deviation of parameter, normally distributed 1.804 0.850   2.12  **    

When grocery shopping, not having to pay any delivery fees is very 

important 
0.831 0.264   3.15  *** -0.024 -0.034 0.057 

Is uncomfortable with delivery personnel coming to their home 1.850 0.565   3.28  *** -0.004 -0.007 0.011 

Model summary        
# of observations 1,059       
Log-likelihood at convergence -687.44       
Log-likelihood of fixed-parameter model -691.33       
Log-likelihood constants-only -930.30       
McFadden's Pseudo-R2 0.26       
HH = Household        
*** p < 0.01 ** p < 0.05 * p < 0.1        

  

5
2
 



 

Table 3 E-grocery delivery adoption for shoppers from mid-income households 

     Marginal effects 

 

Coef. Std. Error z-stat  
Pre-

Pandemic 

Adopter 

During-

Pandemic 

Adopter 

Non-

Adopter 

Pre-Pandemic Adopter 
       

Constant -0.097 1.356 -0.07     

No HH members are age 65+ 1.290 0.781 1.65 * 0.049 -0.018 -0.030 

HH located in Arizona -1.852 1.060 -1.75 * -0.019 0.007 0.012 

HH located in Florida -1.171 1.165 -1.01  -0.010 0.003 0.007 

HH located in Michigan -0.232 0.943 -0.25  -0.002 0.001 0.001 

HH located in Oregon -0.373 0.942 -0.40  -0.004 0.001 0.002 

When grocery shopping, minimizing level of effort is very important 0.969 0.689 1.41 * 0.017 -0.006 -0.011 

When grocery shopping, not having to carry items is very important 1.762 0.851 2.07 ** 0.018 -0.007 -0.011 

Is comfortable having a delivery person come to their home 0.319 0.922 0.35 * 0.109 -0.035 -0.075 

Standard deviation of parameter, normally distributed 4.308 1.494 2.88 ***    

Thinks it is easy to shop online for groceries 2.789 0.956 2.92 *** 0.114 -0.047 -0.067 

Does not think it is expensive to have groceries delivered 2.240 0.857 2.61 *** 0.030 -0.012 -0.018 

During-Pandemic Adopter 
       

Constant -2.215 1.391 -1.59     

Age 55-64 1.683 0.731 2.30 ** -0.005 0.018 -0.014 

Education level is college degree or higher 0.392 0.593 0.66 * -0.016 0.057 -0.042 

Standard deviation of parameter, normally distributed 2.441 1.027 2.38 **    

Is a homemaker 1.544 0.875 1.76 * -0.003 0.009 -0.005 

Is employed and working from home exclusively. 1.469 0.617 2.38 ** -0.006 0.023 -0.016 

HH located in Arizona 0.485 0.787 0.62  -0.002 0.008 -0.006 

HH located in Florida 1.411 0.884 1.60  -0.004 0.017 -0.013 

HH located in Michigan 1.584 0.878 1.80 * -0.007 0.022 -0.015 
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HH located in Oregon 1.420 0.850 1.67 * -0.005 0.017 -0.012 

HH member(s) were diagnosed with COVID-19 1.474 0.803 1.84 * -0.004 0.014 -0.010 

HH worried that food would run out before having money to buy more 1.253 0.561 2.23 ** -0.008 0.025 -0.017 

Is comfortable having a delivery person come to their home 2.249 0.692 3.25 *** -0.034 0.119 -0.086 

Thinks it is easy to shop online for groceries 3.211 0.906 3.54 *** -0.054 0.179 -0.124 

Non-Adopter 
       

Travels to the store by vehicle only [driver or passenger], no other 

modes 
2.166 0.730 2.97 *** -0.061 -0.086 0.147 

Vehicles per HH member 1.074 0.551 1.95 * -0.027 -0.039 0.066 

HH has not changed in-store grocery shopping frequency in response to 

the pandemic 
1.393 0.477 2.92 *** -0.022 -0.029 0.051 

Is satisfied with in-store safety measures when shopping in-store during 

the COVID-19 pandemic 
1.088 0.501 2.17 ** -0.027 -0.040 0.067 

When grocery shopping, getting the best price available is very 

important 
1.334 0.476 2.80 *** -0.030 -0.039 0.069 

When grocery shopping, minimizing travel to the store is not important 1.058 0.546 1.94 * -0.007 -0.011 0.017 

Does not know others who are ordering groceries online 1.652 0.661 2.50 ** -0.008 -0.012 0.020 

Agrees that scheduling grocery delivery is difficult 1.023 0.542 1.89 * -0.009 -0.013 0.022 

Disagrees that shopping online is environmentally friendly 1.979 0.731 2.71 *** -0.009 -0.012 0.020 

Model summary        
# of observations 450       
Log-likelihood at convergence -275.57       
Log-likelihood of fixed-parameter model -279.90       
Log-likelihood constants-only -412.55       
McFadden's Pseudo-R2 0.33       

HH = Household        

*** p < 0.01 ** p < 0.05 * p < 0.1        
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Table 4 E-grocery delivery adoption for shoppers from high-income households 

     Marginal effects 

 

Coef. Std. Error z-stat  
Pre-

Pandemic 

Adopter 

During-

Pandemic 

Adopter 

Non-

Adopter 

Pre-Pandemic Adopter        

Constant -1.104 0.735 -1.50     

HH located in Arizona -0.255 0.445 -0.57  -0.005 0.001 0.004 

HH located in Florida -0.319 0.439 -0.73  -0.007 0.002 0.005 

HH located in Michigan -0.167 0.452 -0.37  -0.003 0.001 0.002 

HH located in Oregon -0.187 0.434 -0.43  -0.004 0.001 0.003 

Is comfortable having a delivery person come to their home 1.365 0.375 3.64 *** 0.120 -0.034 -0.086 

Is not worried about deliveries being stolen, misplaced, or not delivered 0.230 0.355 0.65 * 0.038 -0.010 -0.028 

Standard deviation of parameter, normally distributed 1.594 0.778 2.05 **    

When grocery shopping, minimizing level of effort is very important 0.569 0.283 2.01 ** 0.021 -0.006 -0.015 

When grocery shopping, being able to easily comparison shop is very 

important 
0.692 0.310 2.24 ** 0.029 -0.008 -0.022 

Knows others who are ordering groceries online 0.965 0.289 3.34 *** 0.065 -0.022 -0.043 

Thinks it is easy to shop online for groceries 1.164 0.375 3.10 *** 0.092 -0.027 -0.065 

Disagrees that scheduling grocery delivery is difficult 0.687 0.298 2.31 ** 0.027 -0.009 -0.018 

Agrees shopping online saves time 0.776 0.334 2.33 ** 0.059 -0.018 -0.041 

During-Pandemic Adopter 
       

Constant -2.748 1.008 -2.73     

Age 18-24 1.322 0.593 2.23 ** -0.002 0.008 -0.005 

All members of HH are age 65+ 
2.045 0.579 3.53 *** -0.006 0.041 -0.035 

Vehicles per HH member 
0.757 0.478 1.58 * -0.016 0.055 -0.039 
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HH dwelling unit has a protected place to leave deliveries (e.g., covered 

porch, building locker, garage, etc.) 
1.276 0.530 2.41 ** -0.032 0.093 -0.061 

HH located in Arizona -0.492 0.529 -0.93  0.002 -0.007 0.005 

HH located in Florida -0.171 0.488 -0.35  0.001 -0.003 0.002 

HH located in Michigan 0.109 0.518 0.21  -0.001 0.002 -0.001 

HH located in Oregon 0.018 0.509 0.04  0.000 0.000 0.000 

HH is shopping at fewer grocery stores in response to the COVID-19 

pandemic 
1.023 0.393 2.60 *** -0.017 0.049 -0.032 

HH is shopping at more grocery stores in response to the COVID-19 

pandemic 
1.354 0.620 2.18 ** -0.005 0.012 -0.007 

HH is placing orders for restaurant delivery more often compared to 

before the COVID-19 pandemic 
1.395 0.373 3.74 *** -0.021 0.048 -0.027 

Knows others who are ordering groceries online 1.280 0.364 3.51 *** -0.029 0.071 -0.042 

Thinks it is easy to shop online for groceries -0.339 0.636 -0.53 * -0.019 0.050 -0.031 

Standard deviation of parameter, normally distributed 2.524 0.876 2.88 ***    

Disagrees that scheduling grocery delivery is difficult 1.201 0.395 3.04 *** -0.016 0.038 -0.023 

Agrees shopping online saves time 0.623 0.361 1.73 * -0.015 0.036 -0.022 

Non-Adopter 
       

All members of HH are age 65+ 1.753 0.471 3.72 *** -0.017 -0.030 0.047 

Vehicles per HH member 0.654 0.368 1.78 * -0.042 -0.033 0.075 

Travels to the store by vehicle only [driver or passenger], no other 

modes 
0.979 0.386 2.54 ** -0.063 -0.046 0.109 

There are several grocery stores in walking distance from HH dwelling 

unit 
0.542 0.296 1.84 * -0.010 -0.006 0.016 

HH has not changed in-store grocery shopping frequency in response to 

the pandemic 
0.750 0.267 2.81 *** -0.027 -0.017 0.044 

Disagrees that HH has less time to shop compared to before the 

COVID-19 pandemic 
0.881 0.254 3.48 *** -0.042 -0.032 0.074 

Is satisfied with time spent waiting (e.g., to get in the store, in line at 

checkout, etc.) when shopping in-store during the COVID-19 pandemic 
0.710 0.238 2.98 *** -0.030 -0.023 0.053 

When grocery shopping, not having to pay delivery fees is very 

important 
0.836 0.247 3.38 *** -0.036 -0.024 0.059 
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Model summary        

# of observations 757       
Log-likelihood at convergence -533.90       
Log-likelihood of fixed-parameter model -536.71       
Log-likelihood constants-only -718.85       
McFadden's Pseudo-R2 0.26       

HH = Household        

*** p < 0.01 ** p < 0.05 * p < 0.1        
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4.1.1 Mixed logit model results 

With respect to parameter transferability, the results from Eq. 7 are shown in Table 5. 

The results indicate the parameters are not separable—and that e-grocery delivery 

adoption should be modeled separately for the income groups—with over 99% 

confidence. McFadden Psuedo-R2 values of 0.26, 0.33, and 0.26 for the low-income, 

mid-income, and high-income models, respectively, indicate excellent model fit (77). 

 

Table 5 Parameter transferability chi-square test statistics and degrees of freedom based on Eq.9 

X1 X2   
 Low-Income Mid-Income High-Income 

Low-Income  556.15 (31) 244.92 (35) 

Mid-Income 101.50 (37)  129.11 (35) 

High-Income 124.90 (36) 298.02 (31)  

 

Household and respondent demographics, geographics, and dwelling unit characteristics 

With respect to age, household shoppers aged 18-24 in low-income households have a 

0.020 higher probability of being during-pandemic adopters, but also a 0.015 higher 

probability of being non-adopters. This same age group in high-income households have 

a 0.007 higher probability of being during-pandemic adopters. The positive effect with 

respect to during-pandemic adoption aligns with literature demonstrating higher adoption 

and use of technologies in younger age cohorts (26, 97). The finding that 18-24 year old 

shoppers from low-income households have a higher probability of being non-adopters 

seems multifaceted: younger individuals tend to have lower incomes overall, at least until 

retirement age (98). Combined with low relative household income, the cost barrier to 
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online shopping for groceries may outweigh perceived benefits. Further, this age group 

had lower risk of serious illness due to COVID-19, and a lower perceived risk of 

shopping in-store during the pandemic may also influence this finding.   

 For low-income households, the estimated parameter for shoppers aged 25-34 was 

found to be significantly random with a normal distribution in estimating non-adoption of 

e-grocery delivery. A parameter mean of -0.315 and standard deviation of 1.639 suggests 

42% of 25-34 year old shoppers from low-income households have a higher probability 

of being non-adopters, while 58% have a lower probability. Similar to the findings for the 

18-24 year-old cohort, this heterogeneity could be explained by younger groups’ higher 

propensity to adopt and use technology combined with their lower relative risks 

associated from contracting COVID-19. Household-level age profiles generally mimic 

existing literature associations between age and technology adoption. Shoppers in 

households where all members are aged 65 or older have higher non-adoption 

probabilities in the low-income and high-income households. For the mid-income cohort, 

shoppers in households where no members are 65 or older have a higher probability of 

being pre-pandemic adopters of e-grocery delivery.  

In contrast, shoppers aged 55-64 from mid-income households have a 0.018 

higher probability of being during-pandemic adopters, while being in a household where 

no members are aged 65 or older increases the probability of being a pre-pandemic 

adopter in the middle-income segment. For the high-income cohort, shoppers in 

households where all members are aged 65 or older have a 0.041 higher probability of 

being during-pandemic adopters. While this may seem counterintuitive given the 

negative trend between age and e-grocery adoption (26), e-grocery delivery may have 
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been used as a protective measure for this group during the COVID-19 pandemic given 

higher vulnerability to the associated health risks. Additionally, technology use and 

adoption trend positively with higher income levels (26, 37).  

In line with this is the finding related to extremely low-income households. While 

the middle- and high-income cohorts are homogenous in their relative income levels, the 

low-income group includes low, very low, and extremely low-income categories as 

defined in Section 3.2.1. Shoppers in extremely low-income households have 0.026 and 

0.023 lower probabilities of being pre-pandemic and during pandemic-adopters. 

Currently employed shoppers from low-income households have a 0.019 lower 

probability of being e-grocery delivery non-adopters. Grocery delivery may be especially 

beneficial for this cohort given the complex time constraints faced by low-income 

households (99), particularly if they are engaged in essential work that cannot be 

performed remotely.  

Shoppers from mid-income households who are employed but exclusively 

working from home, or who are homemakers, have 0.023 and 0.009 higher probabilities 

of being during-pandemic adopters, respectively. Grocery delivery may be attractive to 

these groups as they may typically be home during the day and have more flexibility 

regarding grocery delivery windows. The estimated parameter for responding shoppers 

from mid-income households with a college degree or high education was determined to 

be a significant random parameter, normally distributed, with a mean of 0.392 and a 

standard deviation of 2.441. This implies the effect of having a college education or 

higher on during-pandemic adoption probability is positive for 56% of this cohort and 

negative for 44%.  
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Existing literature does present some mixed results regarding education level and 

technology adoption, including e-grocery shopping. For example, Abu-Shanab (28) finds 

education level to significantly moderate technology adoption related to internet banking, 

where higher-education individuals had greater propensities to use it. Droogenbroeck and 

Hove (26) find higher-education individuals to also be more likely to adopt an e-grocery 

pickup service. In contrast, Hui and Wan (100) find education level to be insignificant in 

a discriminant analysis of propensity to use online grocery services, as do Frank and 

Peschel (47) in a model of e-grocery adoption. In an older review, Zmud (101) finds 

more highly educated individuals are less likely to utilize management information 

systems. Additional information on education as related to the employment sector of the 

individual may help further parse out this result, especially given the heterogeneity of 

employment sectors of mid-income households (102). Loss of income in previously well-

paying jobs in this population may influence during-pandemic adoption status, although 

an indicator for a decrease in household income due to the pandemic was not found to be 

significant individually or interacted with education level. 

 Model results indicate car use, reliance, and access to be key determinants of e-

grocery delivery adoption status across income levels. A one-unit increase in the ratio of 

vehicles per household member is associated with 0.066 and 0.075 higher probabilities of 

being non-adopters for shoppers in mid-income and high-income households, 

respectively. Shoppers in mid-income and high-income households who typically travel 

to the store by vehicle-only (no other modes) have 0.147 and 0.109 high probabilities of 

being non-adopters, respectively—10-15% points higher than multimodal travelers. For 
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shoppers in the low-income cohort, being in a household with access to more than one 

vehicle is associated with a 0.016 higher probability of being a non-adopter. 

 A one-unit unit increase in the ratio of vehicles per household member is also 

associated with 0.055 higher probability of being during-pandemic adopters for shoppers 

in high-income households. In the low-income model, the estimated parameter for typical 

grocery store travel mode being vehicle-only was found to be a normally distributed 

random parameter, with a mean of 0.694 and standard deviation of 1.189. This suggests 

72% of vehicle-travel-only shoppers in this cohort have higher probabilities of being non-

adopters compared to multimodal travelers, while 28% have lower probabilities. 

The heterogeneity in relationships between vehicle ownership and use and e-

grocery delivery adoption are in line with literature findings. On one hand, vehicle 

ownership and use expand mobility for households, enhancing access to food shopping 

opportunities (99, 103) and perhaps reducing the need for or benefit of an e-grocery 

delivery service. In contrast, vehicle ownership has been found to positively trend with 

use of e-commerce (104, 105), although Rotem-Mindali and Weltevreden (16) note a 

complementary relationship between trip making and grocery shopping is plausible. 

 A related discussion concerns store access. Shoppers from high-income 

households who indicated they had several grocery stores within walking distance from 

home have a 0.016 higher probability of being a non-adopter. When stores are easy to 

access, the utility of e-grocery delivery services would be expected to decrease. On the 

other hand, respondents in low-income households whose preferred grocery store is not 

easy to get to from home have a 0.007 higher probability of adopting e-grocery delivery 

during the pandemic. Here, e-grocery delivery would be expected to fill a gap in access to 
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food; during-pandemic significance may relate to increased time constraints essential 

workers in lower-income employment sectors face (106). Population density of the home-

location zip code trended negatively with being a non-adopter in this income cohort as 

well, with each percent increase in population density being associated with 0.134 lower 

probability of non-adoption. While areas with higher population densities might be 

thought to have easier access to grocery stores by virtue of having more of them, these 

areas may also have the most e-grocery delivery service availability along with shorter 

travel times and potentially tighter delivery schedule estimates.  

 Various characteristics of shoppers’ household dwelling units were found to be 

significant across the models, albeit in different contexts. Responding shoppers in low-

income households whose dwelling unit does not require delivery personnel to request 

access have a 0.051 higher probability of being a non-adopter. Further, shoppers in this 

income cohort who are uncomfortable with delivery personnel coming to their house 

have a 0.011 higher probability of non-adoption. In mid-income shoppers, respondents 

who are comfortable having delivery personnel come to their home have 0.119 higher 

probabilities of during-pandemic adoption. Similarly, shoppers in high-income 

households who are comfortable having delivery personnel come to their home have a 

0.120 higher probability of having adopted e-grocery delivery before the onset of the 

pandemic. Also in the high-income model, shoppers whose dwelling units have a 

protected place to leave deliveries have a 0.093 higher probability of being during-

pandemic adopters. 

The estimated parameter for household shoppers being comfortable with delivery 

personnel coming to their home was found to be random and normally distributed in the 
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mid-income model for pre-pandemic adoption with a mean of 0.319 and a standard 

deviation of 4.308. This indicates 53% of these individuals have a higher probability of 

being pre-pandemic adopters, while 47% have a lower probability. Although variables 

directly related to the pandemic were not tested for pre-pandemic adoption significance, 

responses in this case could reflect apprehension about delivery personnel currently 

coming to home due to the COVID-19 pandemic.  

In the high-income model, the estimated parameter for shoppers not being worried 

about deliveries being stolen, misplaced, or not delivered was found to be random and 

normally distributed for pre-pandemic adoption with a mean of 0.230 and a standard 

deviation of 1.594. This suggests that 56% of shoppers who are not worried about stolen 

or misplaced deliveries are more likely to have adopted e-grocery delivery before the 

start of the pandemic, while 44% are less likely. The positive effect might be attributed to 

the level of comfort in receiving deliveries in general due to lack of theft concerns. In 

contrast, the negative effect might be accounted for by shoppers in households who don’t 

typically order items for delivery, and who are subsequently not worried about package 

theft in general. 

Overall, the trends related to shoppers’ household dwelling units indicate that 

confidence in delivery security significantly pulls mid- and high-income households to 

adopt e-grocery delivery, but lack of security doesn’t necessarily influence non-adoption. 

Conversely, for responding shoppers in low-income households, lack of security 

(indicated by dwelling units not requiring delivery personnel to request access) is a push 

factor away from adoption, but having security is not a significant determinant of 
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adoption, indicating other factors may be more important adoption drivers for this 

population.  

Household home state was included across the models as controls for COVID-19 

policies and differences in built environments across states. Washington state was 

excluded, making it an independent reference group for interpretation effects. Low-

income shoppers in Florida have a 0.017 higher probability of adopting e-grocery 

delivery during the pandemic. At the beginning of survey fielding, Florida did not have a 

statewide mask mandate, ban on gatherings, or stay-at-home order in effect (Washington 

had all three) (107–109). Additionally, data from the New York Times demonstrate 

Florida counties had an average of about 1,690 new cases per 100,000 population in the 

four weeks prior to survey fielding, while Washington counties had an average of about 

804 new cases per 100,000 population (110). Given the lack of protections in place and 

higher case rates, those concerned about contracting COVID-19 at grocery stores in 

Florida may have, in turn, adopted e-grocery delivery. The state indicator for Florida was 

interacted with an indicator for households where all members were 65 and older to try 

and further parse out this effect, but the interaction was not significant.  

Mid-income shoppers located in Oregon and Michigan have 0.022 and 0.017 

higher probabilities of adopting e-grocery delivery during the pandemic compared to 

Washington. Both states had lower cumulative and during-fielding COVID-19 cases 

averaged across counties per 100,000 population, and Oregon had a stay-at-home order, 

mask mandate, and ban on gatherings in place. Further investigation into county-level 

policies or e-grocery delivery accessibility across states may help explain these effects.  
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COVID-19 related indicators 

The influence of the pandemic on the probability of non-adoption and during-pandemic 

adoption is reflected across the models, differentiating these adoption levels from pre-

pandemic adoption. In the low-income model, shoppers whose households are purchasing 

more groceries each time they shop have a 0.034 higher probability of being during-

pandemic adopters. Making purchases in this manner may have enabled shoppers and 

their households to utilize e-grocery services while minimizing additional costs. By 

purchasing more groceries with each shop, fewer overall orders would be required, 

reducing paid delivery costs. Further, e-grocery apps may offer free delivery after a 

certain level of expenditure.  

Shoppers from low-income households who are dissatisfied with in-store grocery 

item quality have a 0.008 higher probability of being in-pandemic adopters. In contrast, 

those who were satisfied with safety measures taken by their grocery stores when 

shopping in-person from mid-income households have 0.067 higher probabilities of being 

non-adopters. Both results indicate the role (dis)satisfaction with in-store shopping has in 

pushing or pulling individuals toward e-grocery services in the context of the COVID-19 

pandemic. 

Middle-income shoppers in households where at least one member (including the 

respondent) was diagnosed with COVID-19 have a 0.014 higher probability of being 

during-pandemic adopters. This may be because e-grocery delivery was used as a 

provisioning strategy during quarantine periods. It is important to note, however, that 

time of adoption during the pandemic relative to contracting COVID-19 was not 

distinguished. This complicates the interpretation here and could explain the lack of 
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significance of a COVID-19 diagnosis on adoption status for low- and high-income 

households.  

Shoppers in high-income households who are shopping at fewer grocery stores in 

response to the pandemic have a 0.049 higher probability of being a during-pandemic 

adopter. Curiously, shoppers in this income cohort whose households are shopping at 

more grocery stores in response to the pandemic have a 0.012 higher probability of 

during-pandemic adoption. Shoppers in low-income households who have not changed 

grocery stores in response to the pandemic and who have not changed in-store grocery 

shopping frequencies have 0.054 and 0.050 higher probabilities of being non-adopters, 

respectively. Similarly, shoppers from mid-income and high-income households whose 

in-store shopping frequencies did not change in response to the pandemic have 0.051 and 

0.044 higher probabilities of being non-adopters, respectively. Further, low-income 

shoppers who disagreed that their household members were too tired to cook in response 

to the COVID-19 pandemic have 0.019 higher probabilities of being non-adopters. This 

combination of results might simply indicate that pandemic-related behavioral changes in 

general, regardless of the change, have a domino effect on other behavioral changes like 

e-grocery adoption. Lack of behavioral change related to grocery provisioning, too, 

seems to trend positively with non-adoption.  

Shoppers in high-income households who are placing orders for restaurant 

delivery (online or otherwise) more often compared to before the start of the pandemic 

have a 0.048 higher probability of being during-pandemic adopters. Higher-income 

households may have more resources to spend on convenience food shopping—including 

restaurant takeout and e-grocery delivery—which may explain the positive association 
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here. Shoppers in this income cohort who do not feel their households have less time to 

shop compared to before the pandemic have 0.074 higher probabilities of being non-

adopters. Those shoppers who were satisfied with time spent waiting at grocery stores 

when shopping in-person have a 0.053 higher probability of being a non-adopter. While 

higher-income households may be more willing to incur costs to save time spent traveling 

(111), the trend in reverse seems to be at play here. Namely, shoppers from high-income 

households who have not experienced time burdens associated with traditional grocery 

shopping modes are more likely to be non-adopters of e-grocery delivery, perhaps 

because time savings is less important in these cases. 

 

Respondent attitudes 

Shopper attitudes hold explanatory power for e-grocery delivery adoption status 

throughout the models and highlight some of the variance across both income groups and 

adoption levels. A few key attitudinal indicators were shared by income cohorts. 

Shoppers who know others who shop for groceries online have higher probabilities of 

during-pandemic and pre-pandemic adoption. In the low-income model, these individuals 

have 0.043 and 0.073 higher probabilities of being pre-pandemic and during pandemic 

adopters, respectively. In the high-income model, these shoppers have 0.065 and 0.071 

higher probabilities of being pre-pandemic and during pandemic adopters, respectively. 

Shoppers from mid-income households who indicated they did not know other people 

ordering groceries online have a 0.020 higher probability of being a non-adopter of e-

grocery delivery. This suite of results is consistent with the literature surrounding online 

grocery shopping and technology adoption in general: Frank and Peschel (47) find 



 69 

perceived social norms to be a strong predictor of e-grocery adoption even after 

controlling for demographics, while Singh and Rosengren (52) note that positive word-

of-mouth about a particular online retailer is a significant pull factor driving switching 

between online grocery retailers.  

Shoppers in low-income households who indicated not having to carry items is 

very important when grocery shopping have 0.020 and 0.013 higher probabilities of being 

during-pandemic and pre-pandemic adopters, respectively. In the mid-income cohort, 

these shoppers have a 0.018 higher probability of being pre-pandemic adopters. The 

direction of effect with respect to this attitude is intuitive, as having groceries delivered 

certainly reduces the amount of carrying one must do. Interactions of this attitude with 

indicators for respondents (or household members) having a limited mobility condition, 

traveling to the store by non-auto modes only or being part of zero-car households, and 

not being able to easily get to the grocery store from home were tested, but not found to 

be significant. This attitude may capture these factors, and others, in a complex manner 

that could be examined further in future work. 

 Ease of shopping online positively affected pre-pandemic and during-pandemic 

adoption probabilities across income cohorts, with higher effect sizes in low- and mid-

income cohorts. For the low-income model, shoppers who think it is easy to shop for 

groceries online have 0.105 and 0.110 higher probabilities of being a pre-pandemic or 

during pandemic adopter, respectively. Shoppers with this attitude from mid-income 

households have 0.114 and 0.179 higher probabilities of pre-pandemic and during 

pandemic adoption, respectively. Those shoppers from high-income households have a 

0.092 higher probability of being a pre-pandemic adopter. The estimated parameter for 
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perceived ease of online shopping was found to be random and normally distributed with 

respect to during-pandemic adoption for respondents from high-income households. With 

a parameter mean of -0.339 and a standard deviation of 2.524, 45% of shoppers from 

high-income households who think it is easy to shop online for groceries have a higher 

probability of adopting e-grocery delivery during the pandemic, while 55% have a lower 

probability. While the positive effect is expected, the negative effect may occur if other 

factors that would deter one from ordering groceries online (cost, availability of items, 

service, etc.) may lead to individuals being less likely to adopt e-grocery delivery even if 

they think it is easy to do so.  

Shoppers from high-income households who disagree that scheduling e-grocery 

delivery is difficult have 0.027 and 0.038 higher probabilities of being pre-pandemic and 

during pandemic adopters, respectively. In low-income households, shoppers who 

disagree that scheduling grocery delivery is difficult have a 0.033 higher probability of 

being pre-pandemic adopters. With respect to during-pandemic adoption, this effect of 

this attitude in low-income household shoppers exhibited heterogeneity. The estimated 

during-pandemic parameter for low-income shoppers who disagree scheduling e-grocery 

delivery is difficult was random and normally distributed with a mean of 0.786 and a 

standard deviation of 2.004. This reveals 65% of shoppers from low-income households 

with this attitude have a higher probability of during-pandemic adoption, while 35% have 

a lower probability. On the other hand, shoppers who agreed scheduling e-grocery 

delivery is difficult in mid-income households have a 0.022 higher probability of being a 

non-adopter. 
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Overall, the attitudes related to ordering ease and scheduling difficulty factors 

signal ease as a key determinant of adoption, regardless of income. Existing literature 

supports this for online grocery shopping acceptance (52, 112). While effect sizes were 

highest with respect to mid-income household consumers and perceived ease of ordering 

groceries online, both ease of online ordering and perceived (lack of) difficulty in 

scheduling grocery delivery were strong determinants of adoption in low-income 

households. Heterogeneity, and in particular the negative effects of the two random 

parameters on during-pandemic adoption, initially seem counterintuitive. These may be 

observed because other factors, including cost, ease of in-store shopping because of car 

ownership, or lack of concern of contracting COVID-19 while shopping in-store have 

stronger push effects away from adoption for some individuals.  

The importance of inspecting items for quality when grocery shopping was a 

significant determinant of adoption status for respondents in low-income households. 

Those shoppers who note being able to inspect items for quality is very important when 

grocery shopping have a 0.040 higher probability of being a non-adopter. Low-income 

shoppers who say being able to inspect items for quality when grocery shopping is not at 

all important have a 0.006 higher probability of being a pre-pandemic adopter. These 

effects align with expectations and existing literature. Using interviews of 28 low-income 

primary shoppers in New York, Webber et al. (113) found that product quality was a 

major factor of importance for low-income households in their food shopping. 

Participants noted inspecting items for quality was important to gauge how fresh the food 

was, and subsequently how long it was going to last—they expressed dismay at making 
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purchases of items only to arrive home and realize items were past expiration dates or 

otherwise spoiled.  

Cost-related factors are present across the models. Shoppers who indicated not 

having to pay any delivery fees was very important in both high- and low-income 

households have 0.059 and 0.057 higher probabilities of being non-adopters. High-

income shoppers for whom comparison shopping is very important have a 0.029 higher 

probability of being pre-pandemic adopters. For mid-income shoppers, those who do not 

think having groceries delivered is expensive have a 0.030 higher probability of being 

pre-pandemic adopters, while those who say getting the best price on groceries is very 

important have a 0.069 higher probability of being non-adopters.  

Price, and associated factors, seem to obviously attract or detract individuals from 

adopting e-grocery delivery regardless of income. This is dependent on how costs are 

perceived, which may differ by income groups. Based on results, high-income consumers 

may see e-grocery services as valuable for comparison shopping if they believe online 

venues provide additional places to price-compare along with retail stores. Mid-income 

consumers, in contrast, may believe the best prices on items are found in-store, pushing 

those who think getting the best price is important away from e-grocery.  

For shoppers who indicated minimizing travel to the grocery store is not very 

important, those who were from mid-income households have a 0.017 higher probability 

of being a non-adopter. The estimated parameter for this attitude in the low-income 

model with respect to non-adoption was random and normally distributed with a mean of 

1.249 and standard deviation of 1.804. This suggests the attitude has a positive effect on 

the probability of non-adoption for 76% of low-income shoppers, and a negative effect 
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for 24%. The positive effect, for both low- and mid-income shoppers, is intuitive: if 

travel reduction is not a primary concern, the travel reduction provided by e-grocery 

delivery may not be a strong incentive for adoption. The negative effect in the low-

income cohort may reflect a mismatch between transportation reliability and viability of 

e-grocery delivery use. Because low-income populations may exhibit lower rates of car 

ownership and heavier reliance on transit or walking (114–116), minimizing travel to the 

store may be very important. However, barriers associated with e-grocery delivery for 

this population, which could include cost, may prevent adoption despite the benefits it 

would provide.  

Shoppers who indicated minimizing level of effort when grocery shopping have 

0.017 and 0.021 higher probabilities of being pre-pandemic adopters in the mid-income 

and high-income households. For shoppers with this attitude, e-grocery delivery may 

have a higher utility than in-store shopping due to lower overall effort required to 

complete this daily task (e.g., planning transportation to and from the store, shopping 

time, carrying groceries, etc.). Additionally, high-income shoppers who agree shopping 

online saves time have 0.059 and 0.036 higher probabilities of being pre-pandemic and 

during-pandemic adopters, respectively.  

Mid-income shoppers who disagree that shopping online is environmentally 

friendly have a 0.020 higher probability of being a non-adopter. More in-depth analysis 

into consumer opinions about e-grocery delivery and environmental benefits or 

detriments would be useful to better understand how attitudes about the environment 

inform this shopping mode. If consumers think getting items delivered is environmentally 

harmful (based on packaging, emissions, etc.) and that belief extends to e-grocery 
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shopping, this may act as a deterrent from adoption. It is important to note there is some 

nuance involved with environmental impacts of e-grocery delivery. If groceries are 

delivered to a household by car, the emissions of that trip are the same as household 

driving to purchase groceries at the store, differences in vehicle efficiency and routing 

aside. If groceries can be delivered by non-automobile modes—by e-cargo delivery 

bikes, for example—or if demand and timing are such that grocery deliveries can be 

made to multiple households in a neighborhood within a single trip, the carbon-intensity 

of e-grocery delivery may dip below that for a traditional in-store shopping, at least with 

respect to the trip.  

Mid-income shoppers who indicated their households were worried that food 

would run out before having money to purchase more have a 0.03 higher probability of 

adopting e-grocery delivery during the pandemic. Pandemic ‘hoarding’ combined with 

inflated prices for essential items may have spurred such worries, driving mid-income 

households to look to alternate online venues for groceries. While it is curious that no 

similar indicators of food insecurity presented themselves in the low-income model, or in 

prediction of non-adoption across models, existing literature and reporting offer insights.  

In a study COVID-19 impacts on low- and mid-income households in 

Bangladesh, Ruszczyk et al. (117) note that interviews with middle-income households 

reveal they, in some cases, may suffer during the pandemic due to decreases in income 

while still earning too much to qualify for federal support. Despite expansions of aid 

during the COVID-19 pandemic, some middle-income households may find themselves 

in similar situations—eloquently highlighted in a New York Times article titled “Just 

Because I have a Car Doesn’t Mean I have Enough Money to Buy Food” (118). A Tufts 
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article notes that middle-income households may be experiencing food insecurity for the 

first time during the pandemic, and subsequently may not have experience shopping with 

SNAP or WIC benefits (119). A report by the Food Research and Action Center notes 

that households earning $50,000-$74,999 who sometimes or often did not have enough 

food to eat increased from 3% to 8% between 2018 and the pandemic; for households 

earning $35,000-$49,999, the share experiencing food insecurity increased from 5% to 

12% (120, 121). That being said, the lowest-earning households still experienced sharp 

increases in food insecurity, with the share of those earning $25,000-$34,999 increasing 

from 8% to 16%, and for those earning less than $25,000, from 11% to 28%.  

4.1.2. Simulated scenarios 

A series of scenarios exploring mixed logit model results were developed using NLogit 

5’s scenario simulations (70). The simulated scenarios represent the changes in group 

assignment according to the model for fixed changes in the data. The disaggregate 

income models classify individuals in the data into e-grocery delivery adoption groups as 

shown in Figure 15: 
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Figure 15 Expected e-grocery delivery adoption classifications based on disaggregate models 

 

The scenario analysis examines how the baseline group distributions for each income 

group would change based on a series of “what if” hypotheticals about the data (e.g., they 

could answer, “What share of shoppers would the model assign in non-adoption, during-

pandemic adoption, and pre-pandemic adoption groups if all shoppers had more than one 

vehicle? What is the difference between these assignments and baseline assignments 

based on the observed data?”). Note that this analysis is purely exploratory, as the model 

results are being applied to the same data used to generate them. However, such an 

analysis visualizes how distributions in e-grocery delivery adoption would be expected to 

change given hypothetical scenarios.  
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4.1.2.1 Delivery fees in low- and high-income segments 

 
 

 
Figure 16 Low- and High-income household delivery fees scenarios 

Figure 16 visualizes the scenarios. If all shoppers in the low-income and high-income 

cohorts indicated not having to pay delivery fees is very important, the share of non-

adopters would be higher than model baseline expectations in the high-income cohort 

than the low-income one. However, if low-income individuals share this attitude and are 

also from extremely low-income households, the expected change in share of non-

adopters is 9%-points greater, compared to just a 5%-points greater in high-income 

households. This suggests that while not wanting to pay delivery fees is associated with 

Scenario 1 (S1): What if not having to pay delivery fees is very important across 

low-income and high-income observations? 

 

Scenario 1A (S1A): What if not having to pay delivery fees is very important and 

shoppers are from extremely low-income households? 

  



 78 

higher probabilities of non-adoption in both high- and low-income cohorts, the attitude 

combined with extreme financial constraints suggests an even greater expected share of 

non-adopters more than the individual attitude does alone. 

4.1.2.2 Transportation related scenarios 

 
 

Two different scenarios are explored for low-income households, while the same scenario 

is applied to mid- and high-income households given the common transport-related 

variables between their associated models. In Figure 17, the simulated decrease in the 

share of non-adoption observations when all households are the most financially 

constrained (S2A) is half that when incomes are left at their sample values. This, again, 

suggests households with the most constrained incomes may face the greatest cost 

barriers in adopting e-grocery services compared to other low-income households. 

Scenario 2A (S2A): What if all low-income shoppers are from extremely low-

income households, do not have more than one vehicle, and their preferred grocery 

store is not easy to get to from home? 

 

Scenario 2B (S2B): What if all shoppers in low-income households are from 

households that do not have more than one vehicle, and their preferred grocery store 

is not easy to get to from home? 

 

Scenario 2 (S2): What if all shoppers in mid- and high-income households usually 

travel to the store by vehicle only (no other mode) and have one vehicle for each 

member of the household? 
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Figure 17 Low-income household transportation scenarios 

 
Figure 18 Mid- and High-income household transportation scenario 
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Figure 18 shows the simulated change in non-adoption when all mid-income households 

1) have one vehicle for every household member and 2) typically travel to the store by 

vehicle only is higher than for that when these conditions apply to high-income 

households. Given higher income households are usually expected to have higher usage 

rates of e-commerce in general (26, 37), they may be more inclined to adopt e-grocery 

delivery services for perceived benefits, even if they have sufficient auto access and 

typically drive to the store. 

4.1.2.3 COVID-19 related scenarios 

 
 

Given the different significant COVID-19-related effects across income models, a unique 

scenario was applied to each income group, although they are plotted together in Figure 

19. COVID-19 diagnosis only appeared to be significant in predicting e-grocery during-

pandemic adoption in the mid-income cohort, which sees the highest simulated increase 

in during-pandemic adoption across scenarios.  

 

Scenario 3A (S3A): What if all shoppers in low-income households indicate their 

households are purchasing more groceries each time they shop and are dissatisfied 

with item quality when shopping in-store during the pandemic? 

 

Scenario 3B (S3B): What if all shoppers in mid-income households are currently 

employed and working exclusively remotely, and at least one person in their 

households was diagnosed with COVID-19? 

 

Scenario 3C (S3C): What if all shoppers in high-income households are shopping at 

fewer grocery stores and placing orders for restaurant delivery more often during the 

pandemic? 
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Figure 19 COVID-19 related scenarios 

4.1.2.4 Ease of use and social norms 

 
 

Ease of use was a common significant explanatory variable across income models, while 

an indicator of social norm influence (knowing others who order groceries online) was 

significant in the low- and high-income models. Figure 20 demonstrates upward shifts in 

expected observation shares in both pre-pandemic and during-pandemic adoption 

categories. When combined with attitudes regarding social norms in the low- and high-

income cohorts, these shifts are more dramatic.  

Scenario 4 (S4): What if all shoppers from all households indicated they think it is 

easy to shop online for groceries? 

 

Scenario 4A (S4A): What if all low-income and high-income household shoppers 

indicated they think it is easy to shop online for groceries, and they know others 

who are ordering groceries online?  
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Figure 20 Ease of use and social norm scenarios 

 

4.2 Exploratory analysis of shopping events 

In this section, exploratory results from three models are presented, one each estimating 

weekly grocery in-store, online pickup, and online delivery shopping trip rates. Of key 

importance to these models was the direction of effect on weekly trip rates of other 

provisioning frequencies. In addition to grocery provisioning, weekly restaurant 

provisioning frequencies were tested as explanatory variables, as it was hypothesized 

there may be trade-offs or synergies between provisioning for food at restaurants and 

grocery stores. These relationships are summarized in Table 6 and discussed in this 

section. Major implications are saved for the conclusions section. A formal write-up of 

other model results can be found in Appendix E: Extended results of trip rate models. 
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Table 6 Summary of effect directions of other provisioning modes on weekly in-store, online 

pickup, and online delivery grocery trip rates 

Explanatory variables (weekly 

grocery or restaurant trip rates) 

Outcome variables in separate models (weekly grocery 

trip rates) 

 Grocery in-store 
Grocery online 

pickup 

Grocery online 

delivery 

Grocery in-store  + / -  

Grocery online pickup + / -  + 
Grocery online delivery + / - +  

Restaurant dine-in + / - n.s.  

Restaurant drive-thru + / - -  

Restaurant online pickup n.s. + / -  

Restaurant online delivery n.s. n.s. + 
n.s. = not significant, and not included in final model specification 

+ / - indicates a heterogeneous effect due to the parameter being 

significantly random with normal distribution 
 

 

4.2.1. Household weekly in-store grocery trip rates 

Results from the Tobit regression of weekly in-store grocery trip rates are displayed in 

Table 7. A log-likelihood ratio test demonstrates significant improvement of the final 

model over the constants-only model, χ2(df=22)=460.93, p < 0.01, and the fixed 

parameters model, χ2(df=9)=83.42, p < 0.01, with over 99% confidence. All marginal 

effects represent the change in weekly in-story grocery trip rates, on average.  

Table 7 Final Random Parameters Tobit model specification for weekly in-store grocery trip rates 

 
Coef. 

Std. 

Error 
z-stat 

Marg. 

Eff. 
 

Constant 0.547 0.087 6.29  *** 

Other provisioning frequencies 
     

Weekly online pickup frequency 0.103 0.042 2.46 0.097 ** 

Standard deviation of parameter, normally distributed 0.239 0.035 6.89  *** 

Weekly online delivery frequency -0.266 0.039 -6.81 -0.251 *** 

Standard deviation of parameter, normally distributed 0.227 0.032 7.17  *** 

Weekly restaurant dine-in frequency 0.113 0.030 3.83 0.107 *** 

Standard deviation of parameter, normally distributed 0.123 0.024 5.07  *** 
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Weekly restaurant drive-thru frequency 0.182 0.022 8.40 0.171 *** 

Standard deviation of parameter, normally distributed 0.119 0.016 7.36  *** 

Household and respondent demographics, geographies 

HH size 0.104 0.015 6.79 0.098 *** 

Standard deviation of parameter, normally distributed 0.103 0.006 16.08  *** 

HH has access to more than one vehicle  0.078 0.041 1.93 0.073 * 

Standard deviation of parameter, normally distributed 0.269 0.025 10.65  *** 

HH received SNAP assistance 0.172 0.056 3.08 0.162 *** 

Standard deviation of parameter, normally distributed 0.649 0.046 14.20  *** 

HH's preferred grocery stores are easy to get to from home 0.209 0.066 3.15 0.197 *** 

There are no grocery stores in walking distance of 

household dwelling unit 
-0.113 0.037 -3.08 -0.106 *** 

HH located in Arizona -0.054 0.058 -0.93 -0.051  

HH located in Florida 0.026 0.054 0.48 0.024  

HH located in Michigan -0.109 0.058 -1.89 -0.102 * 

HH located in Oregon 0.049 0.057 0.87 0.046  

COVID-19 Related Variables      

At least one member of HH had received at least one dose 

of COVID-19 vaccine 
0.111 0.052 2.15 0.105 ** 

At least one HH member experienced a temporary layoff, 

furlough, or permanent job-loss during the pandemic 
0.110 0.040 2.75 0.104 *** 

Standard deviation of parameter, normally distributed 0.374 0.031 12.15  *** 

HH is shopping at fewer grocery stores in response to the 

COVID-19 pandemic 
-0.182 0.037 -4.91 -0.172 *** 

HH has less time to shop since before the start of the 

COVID-19 pandemic 
-0.109 0.063 -1.74 -0.103 * 

Respondent attitudes      

Enjoys shopping for food 0.204 0.039 5.30 0.192 *** 

Likes to shop at a variety of grocery stores 0.118 0.038 3.11 0.111 *** 

When grocery shopping, minimizing time spent shopping 

is very important 
-0.197 0.040 -4.88 -0.185 *** 

When grocery shopping, minimizing travel to the store is 

very important 
-0.111 0.042 -2.66 -0.104 *** 

When grocery shopping, being able to inspect items for 

quality is very important 
0.250 0.039 6.38 0.235 *** 

Standard deviation of parameter, normally distributed 0.352 0.021 16.75  *** 

Model summary      

Sigma 0.825 0.012 71.56  *** 

# of observations 2,266     

Log-likelihood at convergence -3168.29     

Log-likelihood of fixed-parameter model -3210.00     
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Log-likelihood constants-only -3398.76     

Maddala Pseudo-R2 0.18     

*** p < 0.01 ** p < 0.05 * p < 0.1 
     

 

4.2.2. Household weekly online grocery pickup trip rates 

Results from the hurdle regression of weekly online pickup grocery trip rates are 

displayed in Table 8. Log-likelihood ratio tests for the participation, χ2(df=24)=693.17, 

and frequency, χ2(df=13)=151.80, p < 0.01, models demonstrate a superior fit over the 

constants-only models with over 99% confidence. Additionally, Eq. 1 shows the 

frequency model is a significant improvement in terms of fit from the fixed-parameter 

version with over 99% confidence, χ2(df=3)=25.61. McFadden’s Pseudo-R2 values for 

the model components approach or exceed 0.2, suggesting good to excellent fit (77).  

Table 8 Final random parameters hurdle model specification for weekly online grocery pickup 

trip rates 

 

Participation model (binary 

probit) 

Structural model (truncated 

regression) 

Marg. 

Eff. 

 Coef. (Std. Error) z-stat Coef. (Std. Error) z-stat  

Constant -2.67 (0.251) -10.64 0.128 (0.139) 0.92  

Other provisioning frequencies     

Weekly online grocery delivery 
frequency 

  0.348*** (0.048) 7.31 0.046 

Weekly restaurant drive-thru 

frequency 
  -0.116** (0.048) -2.40 -0.015 

Weekly in-store grocery 

shopping frequency 
  0.171*** (0.040) 4.29 0.023 

Standard deviation of 

parameter, normally distributed 
  0.230*** (0.021) 10.87  

Weekly restaurant online-

pickup frequency 
  0.164*** (0.052) 3.17 0.022 

Standard deviation of 

parameter, normally distributed 
  0.219*** (0.031) 6.98  

Household and respondent demographics, geographies    

R is age 25-34 0.173* (0.091) 1.900   0.025 

Standard deviation of 

parameter, normally distributed 
0.608*** (0.085) 7.150    

R identifies as male 0.158* (0.081) 1.950   0.023 
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R is unemployed and not 

looking for work 
-0.459*** (0.171) -2.680   -0.061 

At least one HH member 

experienced a temporary layoff, 

furlough, or permanent job-loss 

during the pandemic 

  -0.262*** (0.087) -2.99 -0.034 

HH has children (<18 years 

old) 
0.408*** (0.079) 5.150   0.062 

Standard deviation of 

parameter, normally distributed 
0.357*** (0.066) 5.370    

Zero-car HH -0.523*** (0.127) -4.120   -0.068 

HH has internet access at home 0.558** (0.231) 2.420   0.071 

HH located in Arizona 0.108 (0.112) 0.960 0.010 (0.121) 0.08 0.017 

HH located in Florida 0.074 (0.112) 0.660 -0.091 (0.128) -0.71 -0.002 

HH located in Michigan 0.063 (0.112) 0.560 -0.019 (0.122) -0.16 0.006 

HH located in Oregon -0.220* (0.121) -1.820 -0.117 (0.136) -0.86 -0.044 

Standard deviation of 

parameter, normally distributed 
0.333*** (0.087) 3.840    

COVID-19 Related Variables      

At least one member of HH 

was diagnosed with COVID-19 
0.200* (0.108) 1.850   0.030 

HH is shopping in-person at the 

grocery store less often since 

the start of the pandemic 

0.326*** (0.075) 4.370   0.048 

HH is shopping at fewer 

grocery stores in response to 

the COVID-19 pandemic 

  0.141* (0.079) 1.79 0.019 

R is dissatisfied with available 

selection of products when 

shopping in-person 

  0.239** (0.113) 2.11 0.034 

R is dissatisfied with safety 

measures by the store taken 

when shopping in-person 

0.282** (0.132) 2.140   0.042 

HH is ordering restaurant food 

for delivery more often 

compared to before the start of 

the pandemic 

0.269*** (0.077) 3.480   0.040 

Standard deviation of 

parameter, normally distributed 
0.339*** (0.062) 5.480    

HH is planning ahead before 

shopping more often compared 

to before the start of the 

COVID-19 pandemic 

0.128* (0.073) 1.760   0.018 

Standard deviation of 

parameter, normally distributed 
0.323*** (0.054) 6.020    

Respondent attitudes      
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When grocery shopping, being 

able to inspect items for quality 

is very important^ 

-0.377*** (0.075) -5.000 -0.217*** (0.082) -2.64 -0.087 

Standard deviation of 

parameter, normally distributed 
  0.467*** (0.044) 10.63  

When grocery shopping, 

minimizing time spent 

shopping is very important 

0.196*** (0.074) 2.670   0.029 

When grocery shopping, 

getting out of the house is very 

important 

0.149* (0.081) 1.840   0.022 

Likes to shop at a variety of 

grocery stores 
0.222*** (0.078) 2.840   0.032 

Knows others who are ordering 

groceries online 
0.420*** (0.075) 5.600   0.062 

Thinks it is easy to shop online 

for groceries 
0.756*** (0.091) 8.280   0.109 

Thinks shopping online saves 

money 
0.595*** (0.085) 6.990 0.212*** (0.081) 2.61 0.132 

Thinks shopping online saves 

time 
0.214** (0.084) 2.540   0.031 

Enjoys shopping for food -0.199** (0.080) -2.480   -0.029 

Model Summary      

Sigma   0.605*** (0.025) 24.12  

# of observations 2,266  2,266 (561 non-zero observations) 

Log-likelihood at convergence -921.59  -337.82  
 

Log-likelihood of fixed-

parameter model 
-922.99  -350.62  

 
Log-likelihood constants-only -1268.17  -413.72  

 
McFadden's Pseudo-R2 0.27  0.18  

 

*** p < 0.01 ** p < 0.05 * p < 0.1    

Notes: 
    

 

^ Marginal effect for probit model alone is -0.092 

 

4.2.3. Household weekly online grocery delivery trip rates 

Results from the hurdle regression of weekly online pickup grocery trip rates are 

displayed in Table 9. Log-likelihood ratio tests for the participation, χ2(df=30)=831.88, 

and frequency, χ2(df=13)=746.31, p < 0.01, models demonstrate a superior fit over the 
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constants-only models with over 99% confidence. Additionally, Eq. 1 shows the 

participation model is a significant improvement in terms of fit from the fixed-parameter 

version with over 90% confidence, χ2(df=8)=13.55. McFadden’s Pseudo-R2 values for 

the model components approach or exceed 0.2, suggesting good to excellent fit (77).  

Table 9 Final random parameters hurdle model specification for weekly online grocery delivery 

trip rates 

 

Participation model (binary 

probit) 

Structural model (truncated 

regression) 

Marg. 

Eff. 

 Coef. (Std. Error) z-stat Coef. (Std. Error) z-stat  

Constant -2.277 (0.393) -5.79 -2.711 (1.117) -2.43  

Other provisioning frequencies 
     

Weekly online grocery pickup 

frequency 
  0.637*** (0.200) 3.18 0.029 

Weekly online restaurant 

delivery frequency 
  0.748*** (0.170) 4.39 0.035 

Household and respondent 

demographics, geographies 
     

R is working from 

home/remotely exclusively 
0.343*** (0.118) 2.92   0.035 

All members of HH are 65 or 

older 
-0.526*** (0.134) -3.92   -0.049 

HH size 
  0.192* (0.112) 1.71 0.009 

Standard deviation of 

parameter, normally distributed 
  0.202*** (0.050) 4.01  

HH has children (<18 years old) 0.362*** (0.110) 3.3   0.036 

Standard deviation of 

parameter, normally distributed 
0.609*** (0.088) 6.89    

HH received SNAP assistance -0.555*** (0.143) -3.89   -0.050 

Standard deviation of 

parameter, normally distributed 
0.493*** (0.123) 4.02    

HH has access to more than one 

vehicle 
-0.495*** (0.104) -4.75   -0.048 

Standard deviation of 

parameter, normally distributed 
1.083*** (0.083) 13.06    

Travels to the store by vehicle 

only [driver or passenger], no 

other modes 

-0.540*** (0.113) -4.77   -0.056 

Standard deviation of 

parameter, normally distributed 
0.696*** (0.058) 11.95    
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HH dwelling unit has a protected 

place to leave deliveries (e.g., 

covered porch, building locker, 

garage, etc.) 

0.419*** (0.117) 3.58 0.976** (0.469) 2.08 0.073 

HH dwelling unit requires 

delivery personnel to request 

access  

0.359*** (0.111) 3.23   0.036 

Population density of HH zip 

code (people per square mile, ln 

transformed) 

0.148*** (0.037) 4.02   0.014 

HH located in Arizona -0.159 (0.142) -1.12 -0.277 (0.423) -0.65 -0.027 

HH located in Florida 0.137 (0.140) 0.98 -0.384 (0.409) -0.94 -0.004 

HH located in Michigan -0.194 (0.147) -1.32 -0.070 (0.417) -0.17 -0.021 

HH located in Oregon -0.235 (0.148) -1.58 -0.648 (0.484) -1.34 -0.047 

COVID-19 Related Variables      

At least one household member 

is particularly vulnerable to 

COVID-19 

0.224** (0.095) 2.37   0.022 

R is satisfied with safety 

measures by the store taken 

when shopping in-person 

-0.372*** (0.102) -3.64   -0.037 

HH is shopping at all different 

grocery stores in response to the 

COVID-19 pandemic 

0.969*** (0.202) 4.79   0.106 

HH has not changed in-store 

grocery shopping frequency 

since before the start of the 

COVID-19 pandemic 

-0.617*** (0.099) -6.21   -0.061 

HH is going in-store grocery 

shopping less frequently since 

before the start of the COVID-19 

pandemic 

  0.682** (0.298) 2.29 0.031 

HH is ordering restaurant food 

for delivery more often since 

before the start of the COVID-19 

pandemic 

0.836*** (0.099) 8.4   0.090 

HH dining in at restaurants less 

often since before the start of the 

COVID-19 pandemic 

  -0.763*** (0.308) -2.47 -0.036 

Respondent attitudes      

When grocery shopping, being 

able to inspect items for quality 

is very important 

-0.288*** (0.095) -3.03   -0.028 

When grocery shopping, being 

able to use coupons is very 

important 

-0.217** (0.096) -2.27   -0.021 
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When grocery shopping, 

minimizing travel to the store is 

very important 

0.341*** (0.097) 3.5   0.034 

When grocery shopping, not 

having to pay any delivery fees 

is very important 

-0.674*** (0.097) -6.97   -0.069 

When grocery shopping, not 

having to carry items is very 

important 

0.710*** (0.120) 5.93 0.656** (0.308) 2.13 0.115 

When grocery shopping, being 

able to comparison shop is very 

important 

0.240** (0.098) 2.44   0.023 

Standard deviation of 

parameter, normally distributed 
0.359*** (0.072) 5.01    

Knows others who are ordering 

groceries online 
0.468*** (0.097) 4.81   0.046 

Thinks it is easy to shop online 

for groceries 
1.317*** (0.122) 10.82   0.124 

Thinks shopping online saves 

money 
0.236** (0.112) 2.11   0.024 

Standard deviation of 

parameter, normally distributed 
1.087*** (0.107) 10.12    

Agrees that scheduling grocery 

delivery is difficult 
-0.307*** (0.101) -3.03   -0.029 

R is comfortable with delivery 

personnel coming to their home 
0.490*** (0.115) 4.25   0.046 

Standard deviation of 

parameter, normally distributed 
0.312*** (0.051) 6.12    

R thinks it's important to support 

local businesses^ 
-0.715*** (0.146) -4.9 -0.869** (0.348) -2.49 -0.135 

Standard deviation of 

parameter, normally distributed 
0.689*** (0.054) 12.65    

Model Summary   
   

Sigma   1.413*** (0.151) 9.38  
# of observations 2,266  2,266 (564 non-zero observations) 

Log-likelihood at convergence -855.56  -388.07   
Log-likelihood of fixed-

parameter model -862.33  -388.39   
Log-likelihood constants-only -1271.50  -761.22   
McFadden's Pseudo-R2 0.33  0.49   

*** p < 0.01 ** p < 0.05 * p < 0.1    

Notes:      

^ Marginal effect for truncated regression model alone is -0.121    
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4.2.4. Summary of relationships between provisioning methods 

In-store shopping and e-grocery pickup 

In the model of weekly in-store grocery trip rates, the estimated parameter for weekly 

online pickup grocery trip rate has a mean of 0.103 and standard deviation of 0.239, 

suggesting a positive effect on in-store trip rates for 66% of households, and a negative 

effect for 33%. In the model of weekly online grocery pickup trip rates, the estimated 

parameter for weekly in-store grocery trip rates was determined to be random with a 

normal distribution in the frequency model. The parameter mean and standard deviation 

are 0.171 and 0.230, which suggests that weekly in-store grocery pickup trip rates have a 

positive effect on weekly online pickup grocery trip rates for 77% of households, and a 

negative effect for 23%. Relationships, here, are totally heterogeneous, and further 

research is required to unpack them. They may be substitutional, complementary, or 

asymmetric.  

In-store shopping and e-grocery delivery 

Weekly e-grocery delivery trip rates were found to be random with a normal distribution 

in the weekly in-store grocery trip rate model. The estimated parameter mean and 

standard deviation are -0.266 and 0.227, indicating a positive effect on in-store trip rates 

for 12% of households and a negative effect for 88% of households. Weekly in-store 

grocery trip rates were not found to be significant in the weekly e-grocery delivery trip 

rate model. This suggests a one-directional and heterogeneous relationship between in-

store grocery and e-grocery delivery shopping, with the majority of households being 

characterized by a one-way substitution-leaning relationship from e-grocery delivery to 

in-store grocery.  
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E-grocery pickup and e-grocery delivery 

Weekly online delivery grocery trip rates have a positive effect on weekly e-grocery 

pickup trip rates; the direction of effect is the same in the reverse relationship. This 

suggests that households’ e-grocery delivery and pickup frequencies have a 

complementary relationship. This is likely because many attitudes or perceived benefits 

regarding online shopping overlap in their applicability to e-grocery delivery and pickup.  

In-store grocery, e-grocery pickup, and e-grocery delivery and restaurant provisioning 

With respect to weekly in-store grocery trip rates, estimated parameters for restaurant 

dine-in and restaurant drive-thru trip rates were random with normal distributions. The 

parameter mean for weekly restaurant dine-in trip rates is 0.113 with a standard deviation 

of 0.123, revealing a positive effect on weekly in-store grocery trip rates for 82% of 

households, and negative effect for 18%. Weekly restaurant drive-through trip rate has a 

positive effect on weekly in-store grocery trip rate for 93% of households and a negative 

effect for 7% of households, given the parameter mean of 0.182 and standard deviation of 

0.119.  

Weekly restaurant drive-thru trip rates were negatively related to weekly e-

grocery pickup trip rates. The estimated parameter for weekly restaurant online pickup 

trip rates was random with a normal distribution. The parameter mean and standard 

deviation are 0.164 and 0.219, respectively. This suggests that weekly restaurant online 

pickup trip rates have a positive effect on weekly online pickup grocery trip rates for 77% 

of households, and a negative effect for 23%. Weekly online restaurant delivery trip rates 

had a positive relationship with weekly e-grocery delivery trip rates.  
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4.3 Stickiness of elevated proportion of grocery shopping done online 

Results from the binary logit estimating the stickiness of the proportion of household 

grocery shopping done online are presented in Table 10. Recall the outcome variable here 

is equal to one if household shoppers indicated their households are 1) ordering groceries 

online more often compared to before the start of the pandemic and 2) expecting to retain 

or increase the proportion of their grocery shopping done online (for pickup or delivery) 

looking one year to the future. A log-likelihood ratio test demonstrates significant 

improvement of the final model over the constants-only model, χ2(df=22)=595.43, with 

over 99% confidence. The random parameters model is a significant improvement over 

the fixed parameters version, χ2(df=4)=9.16, with 96% confidence based on Eq. 1. 

Table 10 Final random parameters binary logit model of e-grocery “stickiness” 

 
Coef. 

Std. 

Error 
z-stat 

Marg. 

Eff. 
 

Outcome: =1 if responding household shopper indicated 1) their household is ordering groceries 

online more often compared to before the start of the pandemic and 2) their household’s proportion of 

groceries purchased online is expected to stay the same or increase in the next year; =0 otherwise 

(reference) 

Constant -3.775 0.371 -10.17    

Household and respondent demographics, geographies 

R is employed and working from home exclusively. 0.192 0.118 1.62 0.033 * 

All members of HH are 65 or older -0.284 0.125 -2.27 -0.048 ** 

HH has children (<18 years old) 0.118 0.113 1.05 0.020 ** 

Standard deviation of parameter, normally 

distributed 
1.664 0.155 10.74  *** 

Uses multiple travel modes for going to the store to 

shop in-person 
0.212 0.113 1.88 0.036 * 

Instacart is available in respondent zip code 0.766 0.303 2.53 0.130 ** 

County % population with low access to grocery 

stores 
0.009 0.006 1.42 0.002 * 

Standard deviation of parameter, normally 

distributed 
0.030 0.003 9.33  *** 

HH located in Arizona 0.002 0.144 0.01 0.000  

HH located in Florida 0.036 0.140 0.26 0.006  

HH located in Michigan -0.176 0.144 -1.23 -0.030  

HH located in Oregon -0.264 0.153 -1.73 -0.045 * 



 94 

COVID-19 Related Variables      

HH member(s) were diagnosed with COVID-19 0.230 0.149 1.55 0.039 ** 

Standard deviation of parameter, normally 

distributed 
1.424 0.217 6.56  *** 

At least one household member is particularly 

vulnerable to COVID-19 
0.355 0.094 3.79 0.060 *** 

HH is going in-store grocery shopping less 

frequently since before the start of the COVID-19 

pandemic 

0.933 0.096 9.67 0.158 *** 

Respondent attitudes      

When grocery shopping, being able to inspect items 

for quality is very important 
-0.329 0.093 -3.53 -0.056 *** 

When grocery shopping, minimizing travel to the 

store is very important 
0.188 0.098 1.91 0.032 * 

When grocery shopping, not having to carry items is 

very important 
0.327 0.121 2.7 0.055 *** 

Is comfortable with delivery personnel coming to 

their home 
0.274 0.115 2.37 0.046 ** 

Prefers cash when grocery shopping -0.598 0.141 -4.25 -0.102 *** 

Knows others who are ordering groceries online 0.494 0.096 5.16 0.084 *** 

Thinks it is easy to shop online for groceries 0.990 0.120 8.28 0.168 *** 

Agrees shopping online saves time 0.382 0.113 3.37 0.065 *** 

Agrees shopping online saves money 0.360 0.114 3.17 0.061 *** 

Standard deviation of parameter, normally 

distributed 
1.530 0.161 9.52  *** 

Model summary     
 

 

# of observations 2,266   
 

 
Log-likelihood at convergence -979.27   

 
 

Log-likelihood of fixed-parameter model -983.85   
 

 
Log-likelihood constants-only -1276.99   

 
 

McFadden's Pseudo-R2 0.23   
 

 

*** p < 0.01 ** p < 0.05 * p < 0.1    
 

 

 

Household and respondent demographics, geographics, and dwelling unit characteristics 

Households where all members are 65 or older have a 0.048 lower probability of 

retaining or increasing their proportion of groceries purchased online. This aligns with 

general e-commerce (31, 37) and e-grocery (26) literature demonstrating an overall 

negative trend between age and use of these technologies. It is important to note e-

grocery services may be particularly advantageous in this population. For example, as 

driving cessation occurs with aging (122), e-grocery delivery services may help older 
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households in this transition their mobility patterns without disrupting fulfillment of food 

provisioning needs. Because of this, efforts should be made to help understand and 

overcome barriers older households may face in using e-grocery services13.  

 The estimated parameter for households with children was random with a normal 

distribution. The parameter mean of 0.118 and standard deviation of 1.664 suggest 

households with children are more likely to retain or increase their proportion of 

groceries purchased online in 53% of households, while the reverse is true for the 

remaining 47%. Larger households, particularly those with children, have been linked 

with more frequent online provisioning habits (31). In contrast, traditional in-store 

shopping trips may be conveniently trip-chained with children’s school or extracurricular 

activities. If households anticipate such activities to resume at regular frequencies next 

year, the utility of e-grocery services may decline—particularly if other factors, like cost, 

are a concern.  

 Households whose responding shopper is currently working exclusively from 

home have a 0.033 higher probability of retaining or increasing e-grocery shopping 

proportion. E-grocery services may be especially convenient for remote workers. For 

example, less constraints on e-grocery delivery windows might exist if a household 

member will reliably be home to receive an order most of the day. E-grocery pickup 

orders could be planned around working hours at home and would presumably require 

less time to pick up than an in-store shopping trip. A recent McKinsey study anticipates 

some remote work will persist in a post-pandemic era (123). Household shopper 

 

 
13 To complement collected survey data, focus groups with a variety of populations, including older adults, 

are currently being designed.  
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anticipation of continuing remote work, along with the synergies present between remote 

work and online grocery shopping may be responsible for this positive effect. 

 Households who typically rely on multiple modes to travel to the grocery store 

(compared to those who travel by car only) have a 0.036 higher probability of holding or 

increasing their e-grocery shopping proportion in the future. A number of interaction 

terms were tested with this variable, including income and car-ownership level, to try and 

unpack this result, but were not found to be significant. This effect may be a function of 

transportation or shopping constraints and preferences. 

Households may travel to the store using multiple modes due to transportation 

constraints. Taking a grocery shopping trip via “slow” modes, like walking, biking, or 

taking transit may involve more hassle taking large grocery orders back home. If 

households rely more on these modes, perhaps due to low or no vehicle ownership, the e-

grocery delivery in particular may be more convenient than in-store shopping. E-grocery 

pickup may additionally offer time- and travel-savings benefits over in-store shopping, 

which could be beneficial for households where a single vehicle is shared between 

multiple household members. Alternatively, some of the diverse set of factors influencing 

multimodal travel choices (124) may be correlated with increased propensity for 

“multimodal” shopping behavior.  

There exists heterogeneity in multimodal travelers (125). Some households may 

rely on “slow” modes and exhibit lower rates of vehicle ownership by choice versus due 

to constraints. Brown (126) shows that these “car-free” households make up the minority 

of zero-car households and tend to have higher incomes  which trends positively with e-

commerce in general (26, 37). The potential burden of additional costs associated with e-
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grocery services may present less of a barrier for higher income, multimodal households 

compared to those that are lower income, creating a disparity in the ability to start or 

continue utilizing e-grocery services.   

 Households living in zip codes where Instacart is available have a 0.130 higher 

probability of retaining or increasing their already-elevated proportion of grocery 

shopping online. The direction of effect here is intuitive. Given some estimates put 

Instacart’s e-grocery market share at more than 50% (127), this variable likely serves as a 

proxy for overall availability of e-grocery and pickup services within a zip code. The 

estimated parameter for percentage of a household’s county population with low access 

to grocery stores, defined by the U.S. Department of Agriculture Economic Research 

Service’s Food Environment Atlas as the population living more than a mile from a 

supermarket in urban areas (128), was random with a normal distribution. With a mean of 

0.009 and standard deviation of 0.030, the parameter suggests this variable has a positive 

effect on the probability of retaining or increasing the proportion of grocery shopping 

done online for 62% of households and negative effect for the remaining 38%. The 

positive effect may be explained in that households in low-access areas benefit from 

online grocery delivery in particular to fill an “accessibility gap” to food stores.   

However, such areas may also have fewer stores that offer e-grocery services, limiting 

availability. Expansion of online-exclusive retailers or third-party intermediaries between 

consumers and grocery stores that deliver to these areas may help mitigate this negative 

effect.  

Households located in Oregon have a 0.045 lower probability of retaining or 

increasing e-grocery their elevated e-grocery shopping proportions compared to those 
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located in Washington. Instacart availability and access to grocery stores are controlled 

for in the model, but there could be a number of factors contributing to the difference 

here. The effect could be cost related; Washington has no income taxes, which may leave 

households with more resources to spend on food shopping that includes additional e-

grocery related fees compared to those in Oregon. The difference may also be cultural. 

With tech giants like Amazon and Microsoft headquartered in Washington, a larger 

portion of the population may have more favorable views on technology and online 

ordering that influence the difference. However, households located in other states 

exhibited no significant differences in their projected same or higher levels of e-grocery 

shopping proportions. 

COVID-19 related indicators 

The estimated parameter for households where at least one member was diagnosed with 

COVID-19 is random and normally distributed with a mean of 0.230 and a standard 

deviation of 1.424. This indicates a positive effect on the probability of holding or 

increasing the proportion of grocery shopping online for 56% of households and a 

negative effect for 44%. The heterogeneity here may be related to the heterogeneity 

associated with attitudes about COVID-19. For example, those who anticipate a full 

societal recovery a year from now may be more likely to resort back to traditional 

provisioning behaviors, while those who have concerns about the lasting impacts of the 

pandemic may be more likely to continue using e-grocery services as a protective 

measure. The positive effect may also be attributed to those households where a member 

had COVID-19 being more reliant on e-grocery services to provision, making these 

households more familiar and comfortable with the services.  
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Households where at least one member is particularly vulnerable to COVID-19 

have a 0.060 higher probability of holding or increasing e-grocery proportion. Some 

vulnerable groups, for example those with compromised immune systems, may not be 

able to get vaccinated and as such, their households may continue to rely on e-grocery 

services due to potential health concerns surrounding COVID-19 or other diseases.  

 Finally, households who shopped in-person less often compared to the start of the 

pandemic have a 0.158 higher probability of holding or increasing e-grocery proportion. 

In other words, households who shopped in-person less often during the pandemic are 

almost 16% points more likely to retain or increase their already elevated e-grocery 

shopping proportions. This demonstrates a strong relationship between changed in-store 

shopping habits during the pandemic and greater overall “stickiness” of online grocery 

shopping in the future.  

Respondent attitudes 

A number of attitudinal variables held significant explanatory power in the model. 

Households where shoppers say not having to carry items at the grocery store is very 

important have 0.055 higher probabilities of holding or increasing e-grocery proportion. 

This direction of effect is as expected. Given both e-grocery delivery and e-grocery 

pickup limit the amount of grocery carrying one must do, it is likely that shoppers who 

think not having to carry items is very important have a higher perceived value of e-

grocery services.  

 Households whose shoppers who indicated being able to inspect items for quality 

is very important when grocery shopping have a 0.056 lower probability of holding or 

increasing their proportion of online grocery shopping. This is intuitive, given in-store 



 100 

shopping allows consumers to inspect products before purchasing, while e-grocery 

shopping does not. Additionally, respondents who prefer to pay with cash have a 0.102 

lower probability of holding or increasing their proportion of e-grocery shopping. If this 

latter preference is linked to not being able to access a bank account, increasing access to 

online payment methods (pre-paid Visas, for example) may help mitigate this potential 

barrier created by online-only payment options when ordering groceries online.  

 Households whose shoppers who say minimizing travel to the store is very 

important have a 0.032 higher probability of holding or increasing e-grocery proportion, 

while households whose shoppers who are comfortable with delivery personnel coming 

to their home have a 0.046 higher probability of holding or increasing their online 

grocery shopping proportion. The latter finding is likely more strongly associated with 

use of e-grocery delivery versus pickup methods. Households where shoppers know 

others who are ordering groceries online have a 0.084 higher probability of holding or 

increasing e-grocery proportion, emphasizing the influence of social norms on behavior, 

as literature specifically pertaining to e-grocery shopping has demonstrated (47, 52). 

 Households where shoppers think it is easy to shop for groceries online have a 

0.168 higher probability of holding or increasing e-grocery proportion. This same trend is 

seen in the models of weekly online delivery and pickup trip rates. While respondents 

who agree shopping online saves time have 0.065 higher probabilities of holding or 

increasing e-grocery proportion, the estimated parameter for respondents who agree 

online shopping saves money was found to be random and normally distributed. The 

parameter mean of 0.360 and standard deviation of 1.530 translate to a positive effect of 

the attitude on the probability of holding or increasing e-grocery proportion for 59% of 
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households and a negative effect for 41%. While the positive effect is intuitive given the 

perceived benefits of online shopping cost savings based on the attitude, the negative 

effect may arise because other perceived disadvantages—delivery or pickup windows out 

of alignment with schedules, unavailability of wanted items, etc.—outweigh the expected 

cost savings.   

4.3.1 A note on future work with machine learning comparisons 

Given the growing body of work demonstrating the superior predictive power of machine 

learning methods compared to traditional econometric ones (129–133), four machine 

learning models were developed for comparison with the random parameter binary logit 

model. Support vector machine (SVM), artificial neural network (ANN), random forest 

(RF), and decision tree (DT) supervised learning models for classification were 

developed in Python14 using Scikit-learn15, with the exception of the ANN model, which 

was created a tuned using Keras16 and TensorFlow17 with a Scikit-learn wrapper. The 

same observations used to develop the binary logit (and used throughout this work) was 

split in a 9:1 training and validation set, stratified by the outcome variable. Input features 

were reduced to a limited set from the data in Appendix B based on prior model results; 

 

 
14 Python Software Foundation. Python Language Reference, version 3.7.9. Available at 

http://www.python.org 
15 Pedregosa, F., G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, M. Blondel, P. Prettenhofer, 

R. Weiss, V. Dubourg, J. Vanderplas, A. Passos, D. Cournapeau, M. Brucher, M. Perrot, and É. 

Duchesnay. Scikit-Learn: Machine Learning in Python. Journal of Machine Learning Research, Vol. 12, 

No. 85, 2011, pp. 2825–2830. 
16 Chollet, F. Keras. GitHub, 2015. 
17 Abadi, M., A. Agarwal, P. Barham, E. Brevdo, Z. Chen, C. Citro, G. S. Corrado, A. Davis, J. Dean, M. 

Devin, S. Ghemawat, I. Goodfellow, A. Harp, G. Irving, M. Isard, Y. Jia, R. Jozefowicz, L. Kaiser, M. 

Kudlur, J. Levenberg, D. Mane, R. Monga, S. Moore, D. Murray, C. Olah, M. Schuster, J. Shlens, B. 

Steiner, I. Sutskever, K. Talwar, P. Tucker, V. Vanhoucke, V. Vasudevan, F. Viegas, O. Vinyals, P. 

Warden, M. Wattenberg, M. Wicke, Y. Yu, and X. Zheng. TensorFlow: Large-Scale Machine Learning on 

Heterogeneous Distributed Systems.  

http://www.python.org/
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additionally, while the binary logit was estimated using separate indicator variables for 

all levels of categorical variables, ordered categorical variables were converted into 

numeric labels for machine learning model training to reduce redundancy.  

 A grid search process was employed in hyperparameter tuning with four-fold 

cross validation. The models were scored on cross-entropy (loss), but additional metrics 

(accuracy, precision, recall, f1, ROC) were analyzed. Differences between metrics in the 

training and validation sets were compared to assess overfitting. Based on the suite of 

metrics examined and low overfitting, the ANN model was selected as the best and 

carried forward to compare predictive power with the estimated random parameters 

binary logit model.  

 The data used as a test set included 423 observations that came from responses to 

the same survey instrument in Appendix A, collected contemporaneously with those used 

throughout this analysis, but from a different panel18. In terms of accuracy, the random 

parameters binary logit model actually outperformed the estimated ANN. Alternative (to 

backpropagation) optimization methods may help boost the predictive power of the ANN, 

as was demonstrated by Mokhtarimousavi et al. (131). Because of this, a full discussion 

or presentation of results for this comparative analysis is not presented. However, it is 

mentioned as further development of this work is ongoing.  

 

 
18 These test set data were from a survey panel from AmeriSpeak’s NORC; as previously mentioned, the 

data throughout this survey were collected via Qualtrics through an internal Qualtrics panel.  
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5 Conclusions 

The culmination of this work demonstrates the importance of both household and 

demographic influences on adoption and use of e-grocery services. Further, the impacts 

of the COVID-19 pandemic on these behaviors are not insignificant. In fact, COVID-19 

related variables exhibited significance in all the presented analysis. While increasing 

vaccination rates are starting to suggest a recovery period from the pandemic, the future 

is still full of uncertainty. Models can help us attempt to forecast future conditions, albeit 

with many assumptions. The binary logit analysis suggests households that are 

multimodal, below retirement age, and located in places with high e-grocery service 

availability are more likely to hold or increase their already elevated e-grocery usage. 

Households who have at least one member particularly vulnerable to COVID-19 or who 

reduced their in-store shopping frequency during the pandemic are also more likely to 

have e-grocery use “stick”.  

The presented analyses also flag some potential barriers to adoption and use of e-

grocery services. If we are to agree that, at face value, e-grocery services have objective 

benefits for people and households, then researchers, planners, and policymakers should 

aim to mitigate these barriers. Concurrently, we must also try and understand the 

implications of the expansion of e-commerce on travel behavior and transportation 

systems. The weekly trip rate analyses only emphasized the complexity surrounding the 

relationships between in-store and online grocery shopping. The remainder of this section 

first presents some limitations of the presented work, and then synthesizes key themes 

and proposes plans for future research.  
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5.1 Limitations 

The present data and proposed analysis do have some key limitations. First, the Qualtrics 

survey panel recruits and invites panelists to take the survey via email, and the survey is 

only fielded online. Because of this, the sample of respondents may be biased toward 

those who readily have access to the internet and who are more comfortable navigating 

the web. Note that the comparison offered in Table 1 supports this (and also indicates an 

overrepresentation of white respondents). Sample respondents may have more favorable 

attitudes toward the utility of technology and buying items online, or other bias. As an 

extension to the project on which this work is based, focus groups are being planned to 

try and capture attitudes toward and barriers to ordering groceries online for populations 

that may be more technology averse.  

 Second, the trip generation models rely on estimated rates that are treated as 

continuous, although only discrete trips and rates are observed, resulting in some 

implications for model interpretation. Use of models suited for continuous data on these 

estimated trip rates may result in biased or inefficient parameter estimates given the 

discrete distribution. As discussed in Winship and Mare (134), some research 

demonstrates the difference between methods for continuous and discrete variables are 

minor and offer enhanced flexibility (135, 136), although this is still debated. 

Interpretation of the magnitude (versus direction) of effect must be taken with caution 

and as such, the trip generation model results were primarily focused on presenting 

relationships in terms of the direction of effect instead of the magnitude and direction. 

 Additionally, while many (but not all—(37, 104, 137, 138)) studies evaluating the 

relationship between online ordering and traditional in-store shopping utilize structural 
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equation modeling (SEM) to address endogeneity and explore indirect relationships (41, 

105, 139, 140), online and in-store trip rate frequencies are modeled separately here. This 

decision was made based on the complex nature of the data distributions. As Saphores 

and Xu (104) note, interpreting SEM results is difficult when data distributions are not 

continuous. Although the trip rate frequency data are being assumed to be continuous, the 

presence of zeros in the online grocery shopping trip rates necessitated a two-step 

modeling approach, the first step of which involves a dichotomous participation model. 

Additionally, the relationships at hand are not recursive in nature (if all shopping modes 

are expected to influence others), so simultaneous estimation with readily available 

software and differing distributions among variables presents difficulties. Future work 

evaluating the relationships at hand utilizing SEM, simultaneous equation frameworks, or 

instrumental variables would enhance the presented results of the separate models. 

Additionally, adapting the survey framework to a diary format versus asking about the 

last four weeks of behavior may allow researchers to ask about numeric trip frequencies 

directly, reducing error introduced by estimating numeric trips from qualitative 

categories.  

 Third, while survey respondents were required to either be the primary shopper in 

their household, or else share the responsibility with others, perceptions and attitudes 

captured in the survey are their own. Droogenbroeck and Hove (26) illuminate the 

importance of both household and individual characteristics in online grocery shopping 

use and adoption. Because the survey captures attitudes and preferences of just one 

household member, there may exist discrepancies between these attitudes and preferences 
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with household behavior. Such discrepancies could influence results in the weekly 

grocery trip rates and projection of future online ordering behaviors.  

 Fourth, the closest spatial resolution of households’ home locations captured by 

the survey was the zip code. This severely limits the ability to characterize the localized 

built environment of survey respondents, which has strong ties to travel behavior (141–

144). A similar research effort, perhaps with a more restricted study area, that captured 

households’ home location to the neighborhood level would allow for more exploration 

of built environment influences on e-grocery adoption and use.  

 Finally, the missing piece across this analysis is household expenditure levels. 

Shopping trips, particularly those for food provisioning, are intricately tied together with 

expenditure levels (145). Two households with drastically different incomes and different 

budgets for food may make the same number of trips to the grocery store, allocating the 

proportion of their budgets over the same number of shopping events. In another 

theoretical example, low-income households, for example, may have to purchase less 

items overall if resources for food are constrained. However, purchases may occur in one 

trip to the store where the whole food budget is used for a given time frame, or in a series 

of more frequent trips spending less each trip. Lack of expenditure data may explain why 

income was not a significant explanatory variable in the presented trip models. A third 

wave of the survey on which this work was based asks a question about household 

expenditures on food, which offers a valuable avenue for future work.  
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5.2 Perceived ease of use and social networks are key determinants of e-grocery 

adoption, use, and “stickiness” 

The attitudinal indicator for household shoppers who thought it was easy to shop for 

groceries online was a strong, positive predictor of e-grocery delivery adoption, e-grocery 

delivery and pickup use, and e-grocery stickiness. The indicator for household shoppers 

who know other people who are ordering groceries online was also a positive predictor of 

e-grocery delivery adoption and e-grocery delivery and pickup use. The scenarios 

presented in Section 4.1.2.4 visualize this from an e-grocery delivery adoption 

standpoint. Given the magnitude of effects of these variables, it seems increasing 

familiarity with online grocery shopping platforms through social networks may help 

overcome some barriers to use of e-grocery services. As part of the larger project in 

which this analysis is part of, focus groups are being designed to better understand how 

more tech-comfortable household and community members might enable those more 

tech-averse around them to get online, should perceived benefits of doing so exist.  

 5.3 COVID-19 contexts 

The models show the widespread impacts of the COVID-19 pandemic on the explored 

outcomes. Changes (or not) in provisioning behavior, job loss, remote work, and 

satisfaction (or not) with in-store shopping channels, along with COVID-19 diagnoses 

and vulnerability, held significant explanatory power in the presented models. It is 

uncertain whether or not the same behaviors would be observed without the pandemic. 

Future work can continue to explore pre-pandemic, during-pandemic, and, at some point, 

“post-pandemic” behaviors. Some of the presented analysis might be repeated with the 
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third or fourth waves of cross-sectional surveys on this note; longitudinal studies will also 

be important in evaluating the pandemic’s lasting influence.  

5.4 E-grocery and e-commerce transportation system impacts 

In tandem with efforts to expand access to e-grocery services should be those to 

understand how heightened levels of, in the case of food, local e-commerce are impacting 

our transportation systems. As seen in this analysis, the answer is not clear cut, and 

further data collection and research are necessary.  

Recall that relationships between shopping modes may be substitutional, 

complementary, or asymmetric (31, 53). Given the complexities involved in both 

shopping for food, comfort with online shopping modes, and travel behavior, it is not 

necessarily surprisingly that the effects of other provisioning methods on in-store grocery 

shopping are not homogenous. The exploratory analysis of trip rates revealed, for 

example, that weekly in-store grocery trip rates are expected to decrease as weekly online 

delivery grocery trip rates increase for the majority of households. This suggests a one-

directional, substitutional-leaning relationship. However, for a smaller proportion of 

households, weekly in-store grocery trip rates trend positively as online delivery trip rates 

increase, suggesting a complementary-leaning relationship in this direction.  

Online delivery is differentiated from the other provisioning modes in that it 

generates a trip to the household from an external source, while the other modes require a 

household member to make a trip. This trade off may explain why the only negative mean 

across the estimated provisioning frequency explanatory variables in the in-store trip rate 

model is for e-grocery delivery. This mode is the only tested provisioning mode where 

the relationship with in-store shopping leans toward substitutional versus complementary 
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for the majority of households. Additionally, online delivery may be thought of as the 

provisioning mode offering the least exposure risk to COVID-19, given a courier may 

leave items at a respondent’s doorstep, requiring no in-person contact.  

 With respect to online ordering, the positive trend association between grocery 

delivery and pickup may simply indicate that using one online mode increases the rate of 

use for another, even if for the same goods. Households that have not changed their in-

store grocery shopping frequencies or who are shopping in-store for groceries less 

frequently due to the pandemic are expected to generate higher weekly online grocery 

delivery trip rates. These variables may hint at a long-term substitutional relationship 

between in-store grocery shopping and online grocery delivery. Future work that utilizes 

simultaneous estimation would greatly enhance the results of the exploratory analysis 

here.  

Forming a more robust understanding about the relationship between these trip 

types and shopping modes may encourage researchers and practitioners to more explicitly 

consider online-generated freight and pickup trips in regional and development-level 

transportation planning. Although activity-based models made significant advancements 

in mapping transportation systems compared to traditional trip-based frameworks (146–

148), they rely on the premise that transportation is a derived demand for activities. 

While this has been critiqued on the basis that transportation, in some situations, has an 

intrinsic positive utility (149–151), it may also fall short in describing food shopping 

trips. For some, the activity of shopping for food in-store—getting out of the house, 

walking through the aisles—may be a secondary driver for travel to the store. However, 

the primary driver for these trips is not the activity itself, but the expenditure—
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households need food, so they must purchase it. Efforts to incorporate expenditure data, 

given its strong relationship with shopping trips (145), is vital19 Understanding the 

relationship between these inputs to online provisioning behaviors may help begin to 

bridge the gap between activity model frameworks and the next frontier in transportation 

demand modeling.  

These gaps extend to development-level estimations of transportation impacts. 

Trip generation estimation at the development level was historically based on the Institute 

of Transportation Engineers (ITE)’s handbook and data (152). These data and this 

approach have been criticized for focusing solely on suburban contexts and vehicle trips, 

and for being insensitive to demographics and socioeconomic contexts—resulting in a 

slew of new work to try to update the data and methodology associated with 

transportation impact analyses (141, 153–157). The next generation of updates to this 

work should more thoroughly dive into freight estimation. In particular, this should 

expand the existing section on freight trips to consider demands on the curb, including 

allocation for and potential conflicts between services (e.g., TNCs, service vehicles, 

delivery trucks).    

There may well be a gap between the potential of online ordering methods and 

their actual performance. For example, online delivery methods have the potential to fill a 

transportation “gap” to help households without access to reliable transportation obtain 

food and household items. However, if there are barriers to ordering food for online 

 

 
19 Expenditure data are currently being collected in the third wave of surveys associated with this research 
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delivery, whether they be in the form of excess costs, access to technology, or availability 

of stores offering such services, online methods are not meeting this potential.  

5.5 Barriers and strategies  

As seen in the e-grocery delivery adoption models and analysis, both low- and high-

income households’ shoppers who indicate not having to pay any delivery fees when 

grocery shopping is very important have higher likelihoods of non-adoption. However, 

additional costs are more likely a barrier for low-income households.  

E-grocery services may be particularly valuable for this population. Low-income 

households (along with non-white and rural households) tend to have lower levels of 

access to grocery stores in their neighborhoods (158–160). As Clifton (99) notes, low-

income households face a unique suite of income, mobility, and time constraints 

compared to their higher-income counterparts. Income is a strong predictor of vehicle 

ownership (116, 161, 162), and low-income households exhibit greater reliance on 

“slower” (than car) modes, like transit and walking (114–116). They may also face longer 

commutes (163). Low-income individuals working in low-wage, but essential, sectors 

during the pandemic may face both physical and mental burdens associated with working 

in high-stress, high-risk environments (106), adding additional constraints to time and 

effort allotted to performing daily tasks, like grocery shopping.  

To this end, subsidies for e-grocery delivery may help to reduce disparities in 

access to food for low-income households and others for whom e-grocery services may 

be particularly beneficial, like older households. Figliozzi and Unnikrishnan (15) discuss 

a variety of mechanisms through which such subsidies might occur, like in partnerships 

with logistics service providers or in collaboration with transit agencies. Considering 
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access to food as social determinant of health, additional partnerships between e-grocery 

service leaders and healthcare companies may be fruitful. In a recent example, WellCare, 

a Tampa-based healthcare company, entered a partnership with Shipt to provide free 

grocery delivery to its Medicare members through 2020 (164).  

While access to the internet20 only showed significant explanatory power in the 

model of weekly e-grocery pickup trip rates, being able to connect to the web from home 

likely increases the ease of shopping for groceries online. The benefits of expansion of 

broadband internet access are not, of course, limited to e-grocery ease of use. A 

Brookings report outlines the social and economic benefits brought by broadband 

access—as well as the barriers to more widespread expansion, given access is far from 

universal, even in urban areas (165). Offering subsidies, enhancing digital skills, and 

working to fill current gaps in the broadband network should be key priorities to advance 

this important “infrastructure”.  

Finally, those households with shoppers who prefer to pay for groceries in cash 

had a probability of having their e-grocery behaviors “stick” 10% points lower than those 

who were neutral about payment type or who did not prefer cash. While interactions 

between this variable and income or debit card access were not significant, unbanked 

households likely face barriers to e-commerce in general. Availability of alternative 

payment methods, which have seen much grown in Latin America, may help to mitigate 

this barrier (166, 167). 

 

 

 
20 Access to a smartphone and data plan were also tested in the models, but not found to be significant 
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Appendix A: Wave 2 Survey Instrument 

Start of Block: Introduction 

 

Q1 We are interested in how you shop for food and other household items.   

    

This short survey includes questions about:   

  You and your household;  Online and in-store shopping;   Delivery and pick up;     

This research is funded by the National Science Foundation and the National Institute for Transportation 

Communities.  

 

 Thank you for taking the time to complete our survey.    

 

Q2  

To participate in this study, we require that you read and accept the terms of informed consent. Your 

responses will remain completely anonymous.   

  Project Title: Consumer Responses to Household Provisioning During COVID-19 Crisis and Recovery   

Sponsor/funders: National Science Foundation and National Institute of Transportation and Communities 

 Principal Investigator: Kelly J. Clifton, PhD, Portland State University 

 Researcher Contact: covidshopping@pdx.edu / 510-698-2986   

    

Click here to view or download a copy of the terms 

 

Q3    By clicking "Accept," you affirm that you are over the age of 18 and agree to the terms. 

o Accept  

o Decline  

 

Skip To: End of Block If Q3 = Decline 

End of Block: Introduction 
 

Start of Block: Respondent Demographics 

https://drive.google.com/file/d/1PT_oRdamTniczIUkzX8pl0cQrKdLeyQ_/view?usp=sharing
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Q4 To start, we want to ask you a few questions about you and your household. 

 

Q5 What is your age? 

o 18-24  

o 25-34  

o 35-44  

o 45-54  

o 55-64  

o 65-74  

o 75-84  

o 85+  

o Prefer not to say  

 

Q6 What is your ZIP code? 

 

Q7 How would you describe yourself?  

 

Select all that apply. 

▢ White or European American  

▢ Black or African American  

▢ American Indian or Alaska Native  

▢ Asian or Asian American  

▢ Native Hawaiian or Pacific Islander  

▢ Hispanic or LatinX  

▢ Other ________________________________________________ 
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▢ ⊗Prefer not to say  

 

 

Q8 How do you identify? 

o Woman  

o Man  

o Transgender woman  

o Transgender man  

o Non-binary  

o Prefer to self-describe ________________________________________________ 

o Prefer not to say  

 

Q9 What is the highest degree or level of school you have completed? 

o College degree or higher  

o Some college but no degree  

o Vocational degree or certificate  

o High school diploma or GED  

o Less than high school  

o Other: ________________________________________________ 

Q10  

    

We want to ask you a few questions about your household. We define a household as people that live 

together as an economic unit - meaning you share a budget: you earn and spend financial and other 

resources together.   

For some people, the number of people in your household may be smaller than the number of people 

you live with.    

For example, you may live with roommates or your parents but do not share your income and are 

responsible for your own grocery shopping and your portion of expenses, such as rent or utilities. If that 

were the case, your household would only include you and your household size would be 1/ 
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 Keep this in mind as you answer the following questions about your household.   

 

Q11 Are you the person who usually does the grocery shopping in your household? 

o Yes  

o I share this task with other members of my household  

o No  

Q12  

How many people are in your household including yourself? 

o 1  

o 2  

o 3  

o 4  

o 5  

o 6  

o 7  

o 8+  

 

Display This Question: 

If Q12 != 1 

 

Q13 Who else is part of your household (people who live together as an economic unit)? 

  

 Select all that apply. 

▢ Spouse/partner  

▢ Children (Under 18)  

▢ Adult children (18+)  

▢ Parents and/or grandparents  
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▢ Siblings  

▢ Extended family (e.g., nephews, aunts, etc.)  

▢ Roommates  

▢ Other ________________________________________________ 

▢ ⊗Prefer not to say  

 

Display This Question: 

If Q12 != 1 

 

Q14 Please select the age categories of the other people in your household. Note that you only need to 

select age categories once even if two or more people are in the same age category. 

▢ Under 5  

▢ 5-9  

▢ 10-14  

▢ 15-17  

▢ 18-24  

▢ 25-34  

▢ 35-44  

▢ 45-54  

▢ 55-64  

▢ 65-74  

▢ 75-84  
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▢ 85+  

▢ ⊗Prefer not to say  

 

Q15 Information about income is very important to help us understand your household's resources. 

   Please make a selection below about your household income in 2020 before taxes. (Reminder that we 

define a household as people that live together as an economic unit.) 

o My household income in 2020 before taxes was LESS than $100,000.  

o My household income in 2020 before taxes was MORE than $100,000.  

o Don't know  

o Prefer not to say  

 

 

Display This Question: 

If Q15 = My household income in 2020 before taxes was LESS than $100,000. 

 

Q16 Would you please give your best guess about your household income in 2020 before taxes? 

o Less than $19,999  

o $20,000 - $39,999  

o $40,000 - $59,999  

o $60,000 - $79,999  

o $80,000 - $99,999  

o Don't know  

o Prefer not to say  

 

 

Display This Question: 

If Q15 = My household income in 2020 before taxes was MORE than $100,000. 

 

Q17 Would you please give your best guess about your household income in 2020 before taxes? 

o $100,000 - $119,999  
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o $120,000 - $139,999  

o $140,000 - $159,999  

o $160,000 - $179,999  

o $180,000 - $199,999  

o $200,000 or more  

o Don't know  

o Prefer not to say  

 

Q18 Do you or other members of your household currently receive any of the following forms of 

assistance?   

    

Select all that apply. 

▢ Unemployment benefits  

▢ SNAP (Supplemental Nutrition Assistance Program, i.e. food stamps)  

▢ WIC (Women Infants and Children)  

▢ Other food assistance ________________________________________________ 

▢ ⊗None of these  

▢ ⊗Prefer not to say  
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Q19 Does your household have access to a debit and/or credit card to use for online purchases? 

o Yes  

o No  

o Prefer not to say  

 

Q20 Do you live with anyone else that you do not consider to be part of your economic household? (E.g., 

roommates) 

o Yes  

o No  

o Other ________________________________________________ 

 

End of Block: Household Information 

 

Start of Block: Transportation and Housing 

 

Q21 How many functioning automobiles (including motorcycles) does your household own or lease?    

(Do not include motor homes or RVs). 

o 0  

o 1 ________________________________________________ 

o 2  

o 3  

o 4  

o 5 or more  

 

 

 

Q22 How many people in your household have a valid drivers license? 

o 0  

o 1  

o 2  

o 3  

o 4  

o 5 or more  

 

 



 134 

 

Q23 How many adults in your household have access to a functioning bicycle? 

o 0 ________________________________________________ 

o 1  

o 2  

o 3  

o 4  

o 5+  

 

Q24 Does anyone in your household have a medical condition that limits mobility?  

    

Check all that apply. 

▢ I have a condition that limits my mobility.  

▢ Someone else in my household has a condition that limits their mobility.  

▢ ⊗Prefer not say  

▢ ⊗None of the above  

 

Q25 Please indicate the extent to which the following statements apply to your household. 

    

My/Our preferred 

grocery store is easy to 

get to.  
o Disagree o Agree 

o Neither agree 

nor disagree 

There are grocery 

stores within walking 

distance from home.  

o Yes, there are 

several grocery 

stores within 

walking distance 

from home. 

o There are no 

grocery stores 

within walking 

distance from 

home. 

o Yes, there is 

one grocery store 

within walking 

distance from 

home. 

My/Our preferred 

restaurants are easy to 

get to.  
o Disagree o Agree 

o Neither agree 

nor disagree 

There are restaurants 

within walking 

distance from home.  

o Yes, there are 

many restaurants 

within walking 

distance from 

home. 

o There are no 

restaurants within 

walking distance 

from home. 

o Yes, there are 

a few restaurants 

within walking 

distance from 

home. 
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Q26 Please select the option that best describes your housing unit: 

o Single-family home, detached  

o Townhouse, row house, or attached single family  

o Apartment or condominium  

o Mobile home or RV  

o I am currently houseless.  

o Other ________________________________________________ 

 

Q27 In thinking about your housing unit, please indicate whether the following are true. 

 Yes No Don't know 

There is a protected 

place to leave deliveries 

(e.g., covered porch, 

building locker, garage, 

etc.).  

o  o  o  

Delivery personnel have 

to request access (e.g., 

enter a code, get buzzed 

in, go through a front 

gate, etc.) to get to 

my/our unit.  

o  o  o  

 

 

End of Block: Transportation and Housing 

Start of Block: Technology Access 

 

Q28 Does your household have... 

    

Internet service at 

home?  o Yes o No o Don't know 

Access to a computer, 

laptop, and/or tablet?  o Yes o No o Don't know 

Access to a 

smartphone?  o Yes o No o Don't know 

Data plan for 

smartphone(s)?  o Yes o No o Don't know 

 

 

 

Q29 Please indicate the extent to which you agree or disagree with the following statements.  
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Strongly 

disagree 
Disagree 

Neither 

agree nor 

disagree 

Agree 
Strongly 

agree 

Not 

applicable 

I/We are 

satisfied with 

the quality of 

my/our 

internet 

service.  

o  o  o  o  o  o  

I/We have 

access to 

enough 

internet-

connected 

devices 

(computers, 

tablets, 

smartphones, 

etc.) to meet 

my/our 

needs.  

o  o  o  o  o  o  

My/Our 

smartphone 

plans have 

sufficient 

data.  

o  o  o  o  o  o  

 

 

End of Block: Technology Access 

 

Start of Block: Grocery Block 

 

Q30 Next we are going to ask a series of questions about your household's grocery shopping. We define 

groceries as:  

   Food items - such as meat, vegetables, dairy, bread and bakery items, canned and dried foods, 

packaged and frozen foods, beverages, etc.;  Household items - kitchen and bathroom supplies, cleaning 

products, toiletries, other personal products, etc.     

We are interested in your in-store shopping and online ordering of groceries. This includes all grocery 

retailers, including local supermarkets, specialty food stores, superstores, and online-only stores.    

    

We will also ask you about ordering meals online from restaurants. For these online restaurant orders, 

we will ask about pick-up (curbside, parking lot, at store, e.g.) and delivery choices.   
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Q31  

In the last four weeks, how often did your household... 

 

None in the 

last four 

weeks 

Once over 

the last four 

weeks 

2-3 times 

over the last 

four weeks 

Once per 

week 

2-3 times 

per week 

4 or more 

times per 

week 

Travel to a 

store to 

grocery shop  
o  o  o  o  o  o  

Pick up an 

online 

grocery 

order at the 

store  

o  o  o  o  o  o  

Receive an 

online 

grocery 

delivery  
o  o  o  o  o  o  

Have 

someone 

outside the 

household 

get groceries 

for me/us  

o  o  o  o  o  o  

Visit a food 

bank or other 

supportive 

service to get 

groceries   

(After you 

respond to 

this question, 

press the 

green arrow 

to advance).   

o  o  o  o  o  o  

 

 

Q32 In the last four weeks, how often did your household... 
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None in the 

last four 

weeks 

Once over 

the last four 

weeks 

2-3 times 

over the last 

four weeks 

Once per 

week 

2-3 times 

per week 

4 or more 

times per 

week 

Eat at a 

restaurant 

(indoor or 

outdoor 

dining)  

o  o  o  o  o  o  

Go through a 

restaurant 

drive-thru  
o  o  o  o  o  o  

Pick up an 

online 

restaurant 

order  
o  o  o  o  o  o  

Receive an 

online 

restaurant 

delivery  
o  o  o  o  o  o  

Receive a 

meal 

delivery 

from a 

supportive 

service (e.g., 
Meals on 

Wheels)   

(After you 

respond to 

this question, 

press the 

green arrow 

to advance).   

o  o  o  o  o  o  
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Q33 Please indicate the degree to which you agree to the following statements.  

 
Strongly 

disagree 
Disagree 

Neither agree 

nor disagree 
Agree Strongly agree 

Using a credit 

card online is 

safe.  
o  o  o  o  o  

I/We are 

comfortable 

having a 

delivery person 

come to my/our 

house.  

o  o  o  o  o  

Cooking is 

enjoyable.  o  o  o  o  o  
I/We are 

worried about 

deliveries being 

stolen, 

misplaced, or 

not delivered.  

o  o  o  o  o  

I/We prefer to 

make purchases 

with cash.  
o  o  o  o  o  

 

 

Q34 How does your household travel to the store to shop for groceries or pick up a grocery order? 

 

Select all that apply. 

▢ Personal automobile, motorcycle, or moped (drive or ride as passenger)  

▢ Carshare (e.g., Zipcar, Enterprise CarShare)  

▢ Ridehail service (e.g., Uber, Lyft, etc.) or taxi  

▢ Public transit or paratransit (e.g., bus, light rail, subway, streetcar, people mover)  

▢ Bicycle (personal, bikeshare, e-bike)  

▢ Walk or use a wheelchair  

▢ ⊗I/we never travel to the grocery store  

▢ Other: ________________________________________________ 
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Q35 Please indicate the extent to which the following statements  apply to your household. 

 
Strongly 

disagree 
Disagree 

Neither agree 

nor disagree 
Agree Strongly agree 

I/We enjoy 

shopping for 

food.  
o  o  o  o  o  

I/We like to 

shop at a 

variety of 

different stores.  
o  o  o  o  o  

A lot of people 

I/we know are 

ordering 

groceries 

online.  

o  o  o  o  o  

It is important 

to support local 

businesses.  
o  o  o  o  o  

A lot of people 

I/we know are 

ordering 

restaurant 

meals online.  

o  o  o  o  o  

 

 

 

Q36 We want to know about your perceptions of online grocery shopping even if you have not shopped 

for groceries online previously. What is your impression of the following: 
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Strongly 

disagree 
Disagree 

Neither agree 

nor disagree 
Agree Strongly agree 

It is easy to shop 

online for 

groceries.  
o  o  o  o  o  

Shopping for 

groceries online 

saves money.  
o  o  o  o  o  

Scheduling 

grocery delivery 

may be difficult.  
o  o  o  o  o  

Shopping online 

saves time.  o  o  o  o  o  
Comparison 

shopping is 

easier online.  
o  o  o  o  o  

It is expensive 

to have 

groceries 

delivered.  
o  o  o  o  o  

Shopping online 

is 

environmentally 

friendly.  
o  o  o  o  o  

Q37 In response to the COVID-19 pandemic, my household... 

    

Generally buys...  
o More groceries 

each time I/we 

shop 

o Less groceries 

each time I/we shop 
o No change 

Has changed the day or 

time when I/we shop to 

avoid crowds  
o Yes, always 

o Yes, 

sometimes 
o No change 

Shops for groceries 

at...  
o More stores 

than before 

o Fewer stores 

than before 
o No change 

Shops at different 

stores than before  
o Yes, all the 

stores are different 

o Yes, some of 

the stores are 

different 

o No change 
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Q38 Compared to before the start of the COVID-19 pandemic (March 2020), my household is currently... 

 
We have not 

done this 
Less often 

About the 

same 
More often Don't know 

Going to the 

store to shop for 

groceries...  
o  o  o  o  o  

Ordering 

groceries 

online...  
o  o  o  o  o  

Dining in 

person at 

restaurants...  
o  o  o  o  o  

Picking up food 

from a 

restaurant or 

going through a 

drive-thru...  

o  o  o  o  o  

Placing a 

restaurant order 

for delivery...  
o  o  o  o  o  

Planning ahead 

before I/we 

shop...  
o  o  o  o  o  

Experiencing 

longer lines or 

waits at the 

grocery store...   

After you 

respond to this 

question, press 

the green arrow 

to advance.  

o  o  o  o  o  
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Display This Question: 

If Q38 = Ordering groceries online... [ We have not done this ] 

 

Q39 Do the grocery stores where you currently shop offer online ordering for pick-up or delivery as an 

option? 

o Yes  

o No  

o Don't know  

 

Q40 Approximately what proportion of your household's grocery shopping is currently done by shopping 

in-store vs. ordering online (for pick-up or delivery)? 

o All in-store  

o Mostly in-store  

o About 50-50  

o Mostly online  

o All online  

 

 

Q41  

Have you ever ordered any of the following online or with a smartphone?   

    

 Yes No Don't know 

Groceries for delivery  o  o  o  
Groceries for pick up at 

store (curbside, parking 

lot, or in-store)  
o  o  o  

Food from a restaurant 

for delivery  o  o  o  
Food from a restaurant 

for pick up  o  o  o  
Other goods online for 

delivery (e.g., clothing, 

electronics, books)  
o  o  o  

Other goods online for 

pick up (e.g., clothing, 

electronics, books)  
o  o  o  

 

 

Display This Question: 

If Q18 = SNAP (Supplemental Nutrition Assistance Program, i.e. food stamps) 
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Q42 Have you ever used your SNAP benefits to pay for an online grocery order? 

o Yes  

o No  

 

Display This Question: 

If Q42 = Yes 

 

Q43 What was your experience using your SNAP benefits online? 

________________________________________________________________ 

Display This Question: 

If Q41 = Groceries for <u>delivery</u> [ Yes ] 

Or Q41 = Food from a restaurant for <u>delivery</u> [ Yes ] 

Or Q41 = Other goods online for <u>delivery</u> (e.g., clothing, electronics, books) [ Yes ] 

Or Q41 = Groceries for <u>pick up</u> at store (curbside, parking lot, or in-store) [ Yes ] 

Or Q41 = Other goods online for <u>pick up</u> (e.g., clothing, electronics, books) [ Yes ] 

Or Q41 = Food from a restaurant for <u>pick up</u> [ Yes ] 

Carry Forward Selected Choices from "Q41" 

 

 

Q44 When was the first time you ever ordered this online or with a smartphone? 

 Before March 2020 
After March 2020 (since the start 

of the COVID-19 pandemic) 

Groceries for delivery  o  o  
Groceries for pick up at store 

(curbside, parking lot, or in-

store)  
o  o  

Food from a restaurant for 

delivery  o  o  
Food from a restaurant for pick 

up  o  o  
Other goods online for delivery 

(e.g., clothing, electronics, 

books)  
o  o  

Other goods online for pick up 

(e.g., clothing, electronics, 

books)  
o  o  

 

 

Display This Question: 

If Device = not_mobile 

 

Q45  
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When it comes to your household's decisions about how and where to shop for groceries, how important are 

the following factors? Drag and drop each item into the corresponding bucket. 

 

Very important Somewhat important Not at all important 

______ Wanting to get out of 

the house 

______ Wanting to get out of 

the house 

______ Wanting to get out of 

the house 

______ Being able to inspect 

items for quality 

______ Being able to inspect 

items for quality 

______ Being able to inspect 

items for quality 

______ Minimizing time spent 

shopping 

______ Minimizing time spent 

shopping 

______ Minimizing time spent 

shopping 

______ Having a wide selection 

of brand and products to choose 

from 

______ Having a wide selection 

of brand and products to choose 

from 

______ Having a wide selection 

of brand and products to choose 

from 

______ Being able to redeem 

coupons 

______ Being able to redeem 

coupons 

______ Being able to redeem 

coupons 

______ Minimizing level of 

effort 

______ Minimizing level of 

effort 

______ Minimizing level of 

effort 

______ Being able to easily 

comparison shop 

______ Being able to easily 

comparison shop 

______ Being able to easily 

comparison shop 

______ Getting the best price 

available 

______ Getting the best price 

available 

______ Getting the best price 

available 

______ Minimizing travel to the 

store 

______ Minimizing travel to the 

store 

______ Minimizing travel to the 

store 

______ Not having to pay 
delivery fees 

______ Not having to pay 
delivery fees 

______ Not having to pay 
delivery fees 

______ Being able to shop at 

any time 

______ Being able to shop at 

any time 

______ Being able to shop at 

any time 

______ Not having to carry 

items 

______ Not having to carry 

items 

______ Not having to carry 

items 

 

 

 

Display This Question: 

If Device = mobile 

 

Q46  

When it comes to your household's decisions about how and where to shop for groceries, how important are 

the following factors? 
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 Very important Somewhat important Not at all important 

Wanting to get out of 

the house  o  o  o  
Being able to inspect 

items for quality  o  o  o  
Minimizing time spent 

shopping  o  o  o  
Having a wide selection 

of brand and products 

to choose from  
o  o  o  

Being able to redeem 

coupons  o  o  o  
Minimizing level of 

effort  o  o  o  
Being able to easily 

comparison shop  o  o  o  
Getting the best price 

available  o  o  o  
Minimizing travel to 

the store  o  o  o  
Not having to pay 

delivery fees  o  o  o  
Being able to shop at 

any time  o  o  o  
Not having to carry 

items    After you 

respond to this 

question, press the 

green arrow to 

advance.  

o  o  o  

 

 

Q47 In your household's experiences with shopping for groceries in-store, how satisfied have you been 

with the following: 
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Very 

dissatisfied 
Dissatisfied Neutral Satisfied 

Very 

satisfied 

Not 

applicable 

Availability 

of items  o  o  o  o  o  o  
Quality of 

items  o  o  o  o  o  o  
Selection of 

items to 

choose from  
o  o  o  o  o  o  

Measures 

taken by 

stores to 

ensure 

customer 

safety  

o  o  o  o  o  o  

Time spent 

waiting (e.g., 

to get into 

the store, in 

line at 

checkout, 

etc.)   After 

you respond 

to this 

question, 

press the 

green arrow 

to advance.  

o  o  o  o  o  o  

 

 

Display This Question: 

If Q41 = Groceries for <u>pick up</u> at store (curbside, parking lot, or in-store) [ Yes ] 

And Q41 = Groceries for <u>delivery</u> [ Yes ] 

 

Q48 In your household's experiences with ordering groceries online, how satisfied have you been with the 

following: 
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Very 

dissatisfied 
Dissatisfied Neutral Satisfied 

Very 

satisfied 

Not 

applicable 

Order 

accuracy  o  o  o  o  o  o  
Availability 

of items  o  o  o  o  o  o  
Quality of 

items  o  o  o  o  o  o  
Item 

substitutions, 

if needed  
o  o  o  o  o  o  

Bagging of 

items  o  o  o  o  o  o  
The online 

stores or 

smartphone 

apps  
o  o  o  o  o  o  

The process 

for grocery 

pick up  
o  o  o  o  o  o  

The 

scheduled 

arrival of 

deliveries  
o  o  o  o  o  o  

The service 

provided by 

delivery 

personnel   

After you 

respond to 

this question, 

press the 

green arrow 

to advance.  

o  o  o  o  o  o  

 

 

 

Display This Question: 

If Q41 = Groceries for <u>pick up</u> at store (curbside, parking lot, or in-store) [ Yes ] 

And Q41 = Groceries for <u>delivery</u> [ No ] 

 

Q49 In your household's experiences with ordering groceries online, how satisfied have you been with the 

following: 
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Very 

dissatisfied 
Dissatisfied Neutral Satisfied 

Very 

satisfied 

Not 

applicable 

Order 

accuracy  o  o  o  o  o  o  
Availability 

of items  o  o  o  o  o  o  
Quality of 

items  o  o  o  o  o  o  
Item 

substitutions, 

if needed  
o  o  o  o  o  o  

Bagging of 

items  o  o  o  o  o  o  
The online 

stores or 

smart phone 

apps  
o  o  o  o  o  o  

The process 

for grocery 

pick up   

After you 

respond to 

this question, 

press the 

green arrow 

to advance.  

o  o  o  o  o  o  

 

 

 

Display This Question: 

If Q41 = Groceries for <u>pick up</u> at store (curbside, parking lot, or in-store) [ No ] 

And Q41 = Groceries for <u>delivery</u> [ Yes ] 

 

Q50 In your household's experiences with ordering groceries online, how satisfied have you been with the 

following: 
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Very 

dissatisfied 
Dissatisfied Neutral Satisfied 

Very 

satisfied 

Not 

applicable 

Order 

accuracy  o  o  o  o  o  o  
Availability 

of items  o  o  o  o  o  o  
Quality of 

items  o  o  o  o  o  o  
Item 

substitutions, 

if needed  
o  o  o  o  o  o  

Bagging of 

items  o  o  o  o  o  o  
The online 

stores or 

smart phone 

apps  
o  o  o  o  o  o  

Scheduled 

arrival of 

deliveries  
o  o  o  o  o  o  

The service 

provided by 

delivery 

personnel   

After you 

respond to 

this question, 

press the 

green arrow 

to advance.  

o  o  o  o  o  o  

 

 

Display This Question: 

If Q41 = Groceries for <u>delivery</u> [ Yes ] 

 

Q51  

Which online services has your household used to have groceries delivered?   

   Select all that apply. 

▢ Amazon  

▢ Instacart  

▢ Shipt  

▢ Peapod  
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▢ Mercato  

▢ Postmates  

▢ Direct from grocery store  

▢ Other: ________________________________________________ 

▢ ⊗Don't know  

 

 

Display This Question: 

If Q41 = Groceries for <u>delivery</u> [ Yes ] 

 

Q52  

Where did you have your grocery orders delivered to? 

 

Select all that apply. 

 

▢ Home  

▢ Friend or a family member's home  

▢ Workplace  

▢ Secure locker (e.g., Amazon Hub Locker)  

▢ Other: ________________________________________________ 

 

 

Q53  

Approximately what proportion of your household's grocery shopping do you anticipate being done by 

shopping in-store vs. ordering online (for pick-up or delivery) this time next year? 

o All in-store  

o Mostly in-store  

o About 50-50  

o Mostly online  

o All online  

 

End of Block: Grocery Block 

 

Start of Block: Restaurant Meals 
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Q54  

Compared to before the start of COVID-19 pandemic (March 2020), my household...   

    

  

 Disagree 
Neither agree nor 

disagree 
Agree 

Has less time to cook 

and prepare meals.  o  o  o  
Is often too tired/not 

motivated to prepare 

meals.  
o  o  o  

Has less time to go 

grocery shopping.  o  o  o  
Has a renewed interest 

in cooking at home.  o  o  o  
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Q55 Please indicate the extent to which the following statements about restaurants apply to your 

household. 

 
Strongly 

disagree 
Disagree 

Neither agree 

nor disagree 
Agree Strongly agree 

Getting food 

from a 

restaurant is a 

treat.  
o  o  o  o  o  

It is important 

to support local 

restaurants.  
o  o  o  o  o  

The quality of 

restaurant food 

is better than 

I/we can 

prepare.  

o  o  o  o  o  

As a quality 

check, please 

select "Strongly 

disagree" here.  
o  o  o  o  o  

I/We like the 

variety of foods 

available from 

restaurants.  
o  o  o  o  o  

I/We are 

willing to pay 

more to have 

food delivered.  
o  o  o  o  o  

I/We are 

willing to wait 

longer to have 

food delivered.  
o  o  o  o  o  

I/We are 

concerned 

about food 

arriving at the 

wrong 

temperature.  

o  o  o  o  o  

I/We often 

don't feel like 

leaving the 

house.   After 

you respond to 

this question, 

press the green 

arrow to 

advance.  

o  o  o  o  o  
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Display This Question: 

If Q32 != Receive an online restaurant delivery [ None in the last four weeks ] 

Or Q32 != Pick up an online restaurant order [ None in the last four weeks ] 

 

Q56  

Which online services have your household used to order restaurant meals for delivery or pick-up?   

    

Select all that apply. 

▢ Uber Eats  

▢ Caviar  

▢ DoorDash  

▢ Grubhub  

▢ Postmates  

▢ Seamless  

▢ Eat24  

▢ Direct from restaurant  

▢ Other: ________________________________________________ 

▢ ⊗None of the above  
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End of Block: Restaurant Meals 

 

Start of Block: Wellbeing 

 

Q57 Please indicate how often you or your household experienced the following in the past four weeks. 

 Often true Sometimes true Never true Prefer not to say 

I/We worried 

my/our food 

would run out 

before I/we got 

money to buy 

more.  

o  o  o  o  

The food that I/we 

bought just didn't 

last, and I/we 

didn't have money 

to get more.  

o  o  o  o  

 

Q58  

Since the start of the COVID-19 pandemic, have you or members of your household experienced any of 

the following? 

 Yes No Not applicable Prefer not to say 

Temporary lay-off 

or furlough  o  o  o  o  
Permanent loss of 

job  o  o  o  o  
Significant 

decrease in income 

compared to 2019  
o  o  o  o  

Worked from 

home more  o  o  o  o  
Concerns about 

housing stability  o  o  o  o  
 

Q59 Are you or is anyone you live with... 
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Currently recovering 

from COVID-19?  o Yes o No 
o Not 

sure 

o Prefer 

not to say 

Previously recovered 

from COVID-19?  o Yes o No 
o Not 

sure 

o Prefer 

not to say 

Vulnerable to COVID-

19 (e.g., has underlying 

conditions, is 

immunocompromised)?  
o Yes o No 

o Not 

sure 

o Prefer 

not to say 

Currently quarantining 

due to known exposure 

to COVID-19?  
o Yes o No 

o Not 

sure 

o Prefer 

not to say 

Vaccinated for 

COVID-19 (at least 

one dose)?  
o Yes o No 

o Not 

sure 

o Prefer 

not to say 

 

 

End of Block: Wellbeing 

 

Start of Block: Employment and Schooling 

 

Q60 I am currently (pick all that apply):  

▢ Employed  

▢ Out of work but looking for work.  

▢ Out of work and not looking for work.  

▢ Retired  

▢ Student  

▢ Homemaker  

▢ Other ________________________________________________ 

 

 

Display This Question: 

If Q60 = Employed 

 

Q61 Which of the following best describes your current work situation? 

o I am working outside of my home exclusively.  
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o I am working from home/remotely exclusively.  

o I sometimes work outside of my home and sometimes work from home/remotely.  

o Other ________________________________________________ 

 

Display This Question: 

If Q60 = Student 

 

Q62 Which of the following best describes your current school situation? 

o I am attending school in-person, exclusively  

o I am attending school online or remote classroom, exclusively  

o I am attending school in a hybrid model: in-person and online  

o Other ________________________________________________ 

 

Display This Question: 

If Q12 != 1 

Q63  

How many other people in your household are currently employed? 

o 0  

o 1  

o 2  

o 3  

o 4 or more  

o Prefer not to say  

 

Display This Question: 

If Q63 = 1 

Or Q63 = 2 

Or Q63 = 3 

Or Q63 = 4 or more 

 

Q64 Which of the following best describes the current work situation of members of your household?  

Select all that apply. 

▢ A member of my household works outside of the home exclusively.  

▢ A member of my household works from home/remotely exclusively.  

▢ A member of my household sometimes works outside of the home and sometimes works 

from home/remotely.  
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▢ Other ________________________________________________ 

 

Display This Question: 

If Q14 = 5-9 

Or Q14 = 10-14 

Or Q14 = 15-17 

 

Q65 In the last month, the school-aged children in my home have been:  

Select all that apply. 

▢ Attending school in-person, exclusively  

▢ Attending school online or remote classroom, exclusively  

▢ Attending school in a hybrid model: in-person and online  

▢ Not attending school on a regular basis  

▢ In daycare outside the home  

▢ None of the above  

 

 

Display This Question: 

If Q14 = Under 5 

Q66 In the last month, the pre-school aged children in my home have been:  

Select all that apply. 

▢ Attending preschool online  

▢ In daycare or preschool outside the home  

▢ None of the above  

 

End of Block: Employment and Schooling 

Start of Block: Share 

Q67 Is there anything you would like to share with us about your experiences shopping for food and 

household items?  
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Appendix B: Descriptive statistics for outcome and explanatory variables 

Table A Descriptive statistics for variables tested in analysis^ 

 Mean 
Std. 

Deviation 
Min Max 

Outcome variables 

Household shopper e-grocery delivery 

adoption status 
    

Have not done this (Non-adopter) 0.630 0.483 
Dichotomous variable 

(0/1) 

After onset of COVID-19 (During-

pandemic adopter) 
0.198 0.399 

Dichotomous variable 

(0/1) 

Before onset of COVID-19 (Pre-

pandemic adopter) 
0.172 0.377 

Dichotomous variable 

(0/1) 

Household weekly trip rates     

Weekly in-store grocery trip rate 1.323 1.062 0 4.5 

Weekly online grocery pickup trip rate 0.193 0.474 0 4.5 

Weekly online grocery delivery trip rate 0.199 0.523 0 4.5 

Used e-grocery pickup in last four weeks 0.248 0.432 
Dichotomous variable 

(0/1) 

Used e-grocery delivery in last four weeks 0.249 0.432 
Dichotomous variable 

(0/1) 

Household e-grocery "stickiness"     

Household is ordering groceries online 

more often compared to before the 

pandemic and will hold or increase the 

proportion of their grocery shopping done 

online in the next year 

0.251 0.434 
Dichotomous variable 

(0/1) 

Explanatory variables 

Other provisioning frequencies     

Weekly restaurant dine-in trip rate 0.324 0.638 0 4.5 

Weekly restaurant drive-thru trip rate 0.673 0.849 0 4.5 

Weekly restaurant online pickup trip rate 0.369 0.613 0 4.5 

Weekly restaurant online delivery trip rate 0.277 0.590 0 4.5 

Household (HH) and respondent demographics, geographies 

HH size 2.357 1.353 1 8 

HH vehicles 1.559 0.972 0 5 

HH has more than one vehicle 0.462 0.499 
Dichotomous variable 

(0/1) 

HH vehicles / HH size 0.760 0.459 
Dichotomous variable 

(0/1) 

HH drivers 1.711 0.845 0 5 

HH workers 1.214 1.175 0 5 

Zero-car HH 0.094 0.291 
Dichotomous variable 

(0/1) 

HH's typical travel mode to the grocery store     
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Travels to the grocery store by vehicle only 

[driver or passenger], no other modes 
0.806 0.395 

Dichotomous variable 

(0/1) 

Uses multiple travel modes for going to the 

store to shop in-person 
0.194 0.395 

Dichotomous variable 

(0/1) 

At least one household member has 

condition that limits mobility 
0.239 0.426 

Dichotomous variable 

(0/1) 

HH includes children 0-9 years old 0.151 0.358 
Dichotomous variable 

(0/1) 

HH includes children 0-17 years old 0.242 0.429 
Dichotomous variable 

(0/1) 

Respondent race and gender characteristics     

Is Female 0.677 0.468 
Dichotomous variable 

(0/1) 

Is Female and the primary (sole) grocery 

shopper for the household 
0.559 0.497 

Dichotomous variable 

(0/1) 

Is Male 0.308 0.462 
Dichotomous variable 

(0/1) 

Is white alone (not Hispanic or Latino) 0.786 0.410 
Dichotomous variable 

(0/1) 

Respondent educational attainment and employment    

Educational attainment is college degree 

or higher 
0.513 0.500 

Dichotomous variable 

(0/1) 

Educational attainment is less than college 

degree 
0.487 0.500 

Dichotomous variable 

(0/1) 

Is currently employed 0.499 0.500 
Dichotomous variable 

(0/1) 

Is currently employed and working from 

home exclusively 
0.162 0.368 

Dichotomous variable 

(0/1) 

Is currently employed and working 

outside of home exclusively 
0.241 0.428 

Dichotomous variable 

(0/1) 

Is currently employed and working from 

home and outside the home 
0.083 0.276 

Dichotomous variable 

(0/1) 

Is currently unemployed and looking for 

work 
0.088 0.283 

Dichotomous variable 

(0/1) 

Is currently unemployed and not looking 

for work 
0.063 0.243 

Dichotomous variable 

(0/1) 

Is retired 0.262 0.440 
Dichotomous variable 

(0/1) 

Is a student 0.037 0.188 
Dichotomous variable 

(0/1) 

Is a homemaker 0.089 0.284 
Dichotomous variable 

(0/1) 

Respondent age     

18-24 0.074 0.261 
Dichotomous variable 

(0/1) 

25-34 0.175 0.380 
Dichotomous variable 

(0/1) 

35-44 0.182 0.386 
Dichotomous variable 

(0/1) 

45-54 0.151 0.358 
Dichotomous variable 

(0/1) 
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55-64 0.177 0.381 
Dichotomous variable 

(0/1) 

65-74 0.203 0.403 
Dichotomous variable 

(0/1) 

75+ 0.038 0.192 
Dichotomous variable 

(0/1) 

Household age profile     

No 65+ members 0.700 0.458 
Dichotomous variable 

(0/1) 

Mix of 65+/non-65+ members 0.068 0.251 
Dichotomous variable 

(0/1) 

65+ household 0.233 0.423 
Dichotomous variable 

(0/1) 

HH lifecycle     

Single-person HH, not 65+ 0.183 0.387 
Dichotomous variable 

(0/1) 

Single-person HH, 65+ 0.110 0.313 
Dichotomous variable 

(0/1) 

2+ Person HH, Has Children 0.242 0.429 
Dichotomous variable 

(0/1) 

2+ Person HH, No Children, 65+ 0.123 0.328 
Dichotomous variable 

(0/1) 

2+ Person HH, No Children, Mix <65/65+ 0.053 0.224 
Dichotomous variable 

(0/1) 

2+ Person HH, No Children, not 65+ 0.289 0.454 
Dichotomous variable 

(0/1) 

HH actual and relative income     

$39,000 or less 0.350 0.477 
Dichotomous variable 

(0/1) 

$40,000 - $79,999 0.324 0.468 
Dichotomous variable 

(0/1) 

$80,000 - $119,999 0.183 0.387 
Dichotomous variable 

(0/1) 

$120,000 or more 0.143 0.350 
Dichotomous variable 

(0/1) 

Extremely low income 0.160 0.366 
Dichotomous variable 

(0/1) 

Very low income 0.112 0.316 
Dichotomous variable 

(0/1) 

Low income 0.195 0.397 
Dichotomous variable 

(0/1) 

Extremely low, very low, low income 

(combined category) 
0.467 0.499 

Dichotomous variable 

(0/1) 

Median / moderate (Mid) income 0.199 0.399 
Dichotomous variable 

(0/1) 

Above median / moderate (High) 0.334 0.472 
Dichotomous variable 

(0/1) 

HH's food didn't last and they didn't have 

money to buy more, or household was 

worried food would runout before funds to 

buy more were available 

0.331 0.471 
Dichotomous variable 

(0/1) 

HH's food didn't last and they didn't have 

money to buy more 
0.243 0.429 

Dichotomous variable 

(0/1) 
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HH was worried food would run out before 

funds to buy more were available 
0.301 0.459 

Dichotomous variable 

(0/1) 

HH receives SNAP assistance 0.141 0.348 
Dichotomous variable 

(0/1) 

HH receives unemployment benefits 0.108 0.311 
Dichotomous variable 

(0/1) 

HH state     

Arizona 0.199 0.399 
Dichotomous variable 

(0/1) 

Florida 0.222 0.416 
Dichotomous variable 

(0/1) 

Michigan 0.196 0.397 
Dichotomous variable 

(0/1) 

Oregon 0.187 0.390 
Dichotomous variable 

(0/1) 

Washington (reference) 0.195 0.397 
Dichotomous variable 

(0/1) 

Population per square mile of HH's zip code 3010.221 3362.953 6.718 41,298.541 

Instacart is available in HH's zip code 0.967 0.178 
Dichotomous variable 

(0/1) 

Number of big-box or grocery store brands 

available for Instacart pickup or delivery in 

HH's zip code 

11.639 4.791 0 18 

HH Dwelling type     

Single-family home or townhouse 0.669 0.471 
Dichotomous variable 

(0/1) 

Apartment or condominium 0.275 0.447 
Dichotomous variable 

(0/1) 

HH dwelling unit has a protected place to 

leave deliveries (e.g., covered porch, 

building locker, garage, etc.) 

0.772 0.419 
Dichotomous variable 

(0/1) 

HH dwelling unit does not have a protected 

place to leave deliveries 
0.223 0.416 

Dichotomous variable 

(0/1) 

HH dwelling unit requires delivery personnel 

to request access  
0.182 0.386 

Dichotomous variable 

(0/1) 

HH dwelling unit does not require delivery 

personnel to request access  
0.809 0.393 

Dichotomous variable 

(0/1) 

HH's preferred grocery store is easy to get to 

from home 
0.926 0.262 

Dichotomous variable 

(0/1) 

HH has no grocery stores in walking distance 

of home 
0.448 0.497 

Dichotomous variable 

(0/1) 

HH has several grocery stores in walking 

distance of home 
0.229 0.420 

Dichotomous variable 

(0/1) 

Tech access and satisfaction     

HH has internet access at home 0.961 0.193 
Dichotomous variable 

(0/1) 

HH does not have internet access at home 0.038 0.192 
Dichotomous variable 

(0/1) 
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HH has access to a computer at home 0.960 0.196 
Dichotomous variable 

(0/1) 

HH does not have access to a computer at 

home 
0.040 0.196 

Dichotomous variable 

(0/1) 

HH members have access to a dataplan 

for cellphone 
0.920 0.272 

Dichotomous variable 

(0/1) 

HH members do not have access to a 

dataplan for cellphone 
0.059 0.236 

Dichotomous variable 

(0/1) 

HH is satisfied with internet quality 0.754 0.431 
Dichotomous variable 

(0/1) 

HH is not satisfied with internet quality 0.131 0.338 
Dichotomous variable 

(0/1) 

HH has enough tech devices to meet their 

needs 
0.899 0.301 

Dichotomous variable 

(0/1) 

HH does not have enough tech devices to 

meet their needs 
0.054 0.226 

Dichotomous variable 

(0/1) 

HH has sufficient data for a dataplan 0.854 0.353 
Dichotomous variable 

(0/1) 

HH does not have sufficient data for a 

dataplan 
0.069 0.254 

Dichotomous variable 

(0/1) 

COVID-19 related variables 

At least one HH member experienced _____ due to the COVID 19 pandemic:   

Temporary layoff, furlough, or permanent 

job-loss during the pandemic 
0.304 0.460 

Dichotomous variable 

(0/1) 

Decrease in income 0.333 0.471 
Dichotomous variable 

(0/1) 

More remote work 0.375 0.484 
Dichotomous variable 

(0/1) 

Concerns about housing stability 0.228 0.420 
Dichotomous variable 

(0/1) 

At least one HH member was diagnosed with 

COVID-19 
0.104 0.306 

Dichotomous variable 

(0/1) 

At least one HH member is particularly 

vulnerable to COVID-19 
0.417 0.493 

Dichotomous variable 

(0/1) 

At least one HH member received at least 

one dose of COVID-19 vaccine 
0.132 0.339 

Dichotomous variable 

(0/1) 

HH pandemic-related changes to amount of 

groceries purchased 
    

No change 0.494 0.500 
Dichotomous variable 

(0/1) 

Less groceries each time I/we shop 0.091 0.288 
Dichotomous variable 

(0/1) 

More groceries each time I/we shop 0.415 0.493 
Dichotomous variable 

(0/1) 

HH pandemic-related changes to shopping 

times to avoid crowds 
    

No change 0.425 0.494 
Dichotomous variable 

(0/1) 

Yes, sometimes 0.366 0.482 
Dichotomous variable 

(0/1) 
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Yes, always 0.209 0.407 
Dichotomous variable 

(0/1) 

HH pandemic-related changes to number of 

stores grocery shopped at 
    

No change 0.467 0.499 
Dichotomous variable 

(0/1) 

Fewer stores than before 0.468 0.499 
Dichotomous variable 

(0/1) 

More stores than before 0.065 0.246 
Dichotomous variable 

(0/1) 

HH pandemic-related changes to grocery 

stores 
    

No change 0.763 0.425 
Dichotomous variable 

(0/1) 

Yes, some of the stores are different 0.199 0.399 
Dichotomous variable 

(0/1) 

Yes, all the stores are different 0.038 0.191 
Dichotomous variable 

(0/1) 

In-store grocery shopping frequency 

compared to before the pandemic 
    

About the same 0.516 0.500 
Dichotomous variable 

(0/1) 

Less often 0.372 0.483 
Dichotomous variable 

(0/1) 

More often 0.081 0.273 
Dichotomous variable 

(0/1) 

Restaurant dine-in frequency compared to 

before the pandemic 
    

About the same 0.105 0.306 
Dichotomous variable 

(0/1) 

Less often 0.557 0.497 
Dichotomous variable 

(0/1) 

Restaurant drive-thru frequency compared to 

before the pandemic 
    

About the same 0.338 0.473 
Dichotomous variable 

(0/1) 

Less often 0.180 0.385 
Dichotomous variable 

(0/1) 

More often 0.361 0.480 
Dichotomous variable 

(0/1) 

Restaurant deliveries frequency compared to 

before the pandemic 
    

About the same 0.231 0.422 
Dichotomous variable 

(0/1) 

Less often 0.117 0.321 
Dichotomous variable 

(0/1) 

More often 0.275 0.447 
Dichotomous variable 

(0/1) 

HH planning ahead prior to grocery shopping 

compared to before the pandemic 
    

About the same 0.540 0.499 
Dichotomous variable 

(0/1) 

Less often 0.030 0.171 
Dichotomous variable 

(0/1) 
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More often 0.382 0.486 
Dichotomous variable 

(0/1) 

HH members have less time to cook 

compared to before the pandemic 
    

Agree 0.079 0.270 
Dichotomous variable 

(0/1) 

Disagree 0.672 0.470 
Dichotomous variable 

(0/1) 

HH members are too tired to cook compared 

to before the pandemic 
    

Agree 0.265 0.442 
Dichotomous variable 

(0/1) 

Disagree 0.451 0.498 
Dichotomous variable 

(0/1) 

HH members have less time to grocery shop 

compared to before the pandemic 
    

Agree 0.112 0.316 
Dichotomous variable 

(0/1) 

Disagree 0.654 0.476 
Dichotomous variable 

(0/1) 

HH average county cumulative COVID-19 

cases per 100,000 population in last four 

weeks 

5,225.622 2,226.957 
1,184.57

2 
14,075.539 

HH average county cumulative COVID-19 

deaths per 100,000 population in last four 

weeks 

92.275 52.003 12.936 264.462 

HH average county new COVID-19 cases 

per 100,000 population in last four weeks 
1,390.979 912.969 269.109 3,751.886 

HH average county new COVID-19 deaths 

per 100,000 population in last four weeks 
19.981 13.259 1.207 72.087 

HH county percentage (*100) vaccinated 

residents 
21.237 2.790 10.900 49.500 

HH county percentage (*100) vaccinated 

residents over 18 
26.876 3.087 14.300 53.300 

HH county percentage (*100) vaccinated 

residents over 64 
61.748 6.543 30.000 88.600 

Federal Reserve Bank of Dallas Mobility and 

Engagement (MEI) Index, in percentage*100 

for HH county 

-52.738 10.007 -77.741 -18.551 

HH county percentage of residents hesitant 

to receive COVID-19 vaccine 
0.165 0.035 0.090 0.260 

HH county percentage of residents strongly 

hesitant to receive COVID-19 vaccine 
0.077 0.017 0.050 0.120 

CDC COVID-19 Vaccine Coverage Index 

(CVAC) for HH county 
0.529 0.207 0.110 0.970 

State policy level     

Low Restrictions (AZ & FL) 0.421 0.494 
Dichotomous variable 

(0/1) 
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Mid-Restrictions (MI) 0.196 0.397 
Dichotomous variable 

(0/1) 

High Restrictions (OR & WA) 0.383 0.486 
Dichotomous variable 

(0/1) 

CDC Social Vulnerability Index (SVI) for 

county compared to all U.S. 
0.529 0.221 0.007 0.990 

CDC Social Vulnerability Index (SVI) for 

county compared to respective state 
0.415 0.255 0 0.9878 

Percentage(*100) of HH's county population 

not within 1 mile of a grocery store 
19.954 8.008 1.260 56.730 

Household responding shopper attitudes about grocery shopping and technology 

When grocery shopping, getting out of the 

house is not at all important 
0.293 0.455 

Dichotomous variable 

(0/1) 

When grocery shopping, getting out of the 

house is very important 
0.285 0.451 

Dichotomous variable 

(0/1) 

When grocery shopping, being able to 

inspect items for quality not at all important 
0.048 0.213 

Dichotomous variable 

(0/1) 

When grocery shopping, being able to 

inspect items for quality is very important 
0.659 0.474 

Dichotomous variable 

(0/1) 

When grocery shopping, minimizing time 

spent shopping is not at all important 
0.170 0.376 

Dichotomous variable 

(0/1) 

When grocery shopping, minimizing time 

spent shopping is very important 
0.413 0.492 

Dichotomous variable 

(0/1) 

When grocery shopping, having a wide 

selection of brands and products to choose 

from is not at all important 

0.034 0.180 
Dichotomous variable 

(0/1) 

When grocery shopping, having a wide 

selection of brands and products to choose 

from is very important 

0.638 0.481 
Dichotomous variable 

(0/1) 

When grocery shopping, being able to use 

coupons is not at all important 
0.226 0.419 

Dichotomous variable 

(0/1) 

When grocery shopping, being able to use 

coupons is very important 
0.430 0.495 

Dichotomous variable 

(0/1) 

When grocery shopping, minimizing level of 

effort is not at all important 
0.243 0.429 

Dichotomous variable 

(0/1) 

When grocery shopping, minimizing level of 

effort is very important 
0.281 0.449 

Dichotomous variable 

(0/1) 

When grocery shopping, being able to 

comparison shop is not at all important 
0.126 0.332 

Dichotomous variable 

(0/1) 

When grocery shopping, being able to 

comparison shop is very important 
0.409 0.492 

Dichotomous variable 

(0/1) 

When grocery shopping, getting the best 

price available is not at all important 
0.031 0.174 

Dichotomous variable 

(0/1) 
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When grocery shopping, getting the best 

price available is very important 
0.671 0.470 

Dichotomous variable 

(0/1) 

When grocery shopping, minimizing travel 

to the store is not at all important 
0.232 0.422 

Dichotomous variable 

(0/1) 

When grocery shopping, minimizing travel 

to the store is very important 
0.329 0.470 

Dichotomous variable 

(0/1) 

When grocery shopping, not having to pay 

delivery fees is not at all important 
0.105 0.306 

Dichotomous variable 

(0/1) 

When grocery shopping, not having to pay 

delivery fees is very important 
0.628 0.484 

Dichotomous variable 

(0/1) 

When grocery shopping, being able to shop 

24/7 is not at all important 
0.138 0.345 

Dichotomous variable 

(0/1) 

When grocery shopping, being able to shop 

24/7 is very important 
0.488 0.500 

Dichotomous variable 

(0/1) 

When grocery shopping, not having to carry 

items is not at all important 
0.588 0.492 

Dichotomous variable 

(0/1) 

When grocery shopping, not having to carry 

items is very important 
0.144 0.351 

Dichotomous variable 

(0/1) 

Agrees using a credit card online is safe 0.638 0.481 
Dichotomous variable 

(0/1) 

Disagrees using a credit card online is safe. 0.091 0.288 
Dichotomous variable 

(0/1) 

Is comfortable having a delivery person 

come to their house 
0.714 0.452 

Dichotomous variable 

(0/1) 

Is not comfortable having a delivery person 

come to their house 
0.102 0.303 

Dichotomous variable 

(0/1) 

Is worried about deliveries being stolen, 

misplaced, or not delivered 
0.320 0.467 

Dichotomous variable 

(0/1) 

Is not worried about deliveries being stolen, 

misplaced, or delivered 
0.416 0.493 

Dichotomous variable 

(0/1) 

Prefers to make purchases with cash 0.172 0.377 
Dichotomous variable 

(0/1) 

Enjoys food shopping 0.614 0.487 
Dichotomous variable 

(0/1) 

Does not enjoy food shopping 0.135 0.342 
Dichotomous variable 

(0/1) 

Likes to shop at a variety of stores 0.548 0.498 
Dichotomous variable 

(0/1) 

Knows others who are ordering groceries 

online 
0.474 0.499 

Dichotomous variable 

(0/1) 

Does not know others who are ordering 

groceries online 
0.253 0.435 

Dichotomous variable 

(0/1) 

Agrees it's important to support local 

businesses 
0.899 0.301 

Dichotomous variable 

(0/1) 

Thinks it's easy to shop online 0.579 0.494 
Dichotomous variable 

(0/1) 

Disagrees that it's easy to shop online 0.127 0.333 
Dichotomous variable 

(0/1) 

Thinks shopping online for groceries saves 

money 
0.189 0.392 

Dichotomous variable 

(0/1) 
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Disagrees that shopping online for groceries 

saves money 
0.452 0.498 

Dichotomous variable 

(0/1) 

Agrees it is expensive to have groceries 

delivered 
0.336 0.472 

Dichotomous variable 

(0/1) 

Disagrees it is expensive to have groceries 

delivered 
0.301 0.459 

Dichotomous variable 

(0/1) 

Thinks shopping online saves time 0.607 0.488 
Dichotomous variable 

(0/1) 

Disagrees that shopping online saves time 0.143 0.351 
Dichotomous variable 

(0/1) 

Thinks comparison shopping is easier online 0.446 0.497 
Dichotomous variable 

(0/1) 

Disagrees that comparison shopping is easier 

online 
0.220 0.414 

Dichotomous variable 

(0/1) 

Thinks it is expensive to have groceries 

delivered 
0.529 0.499 

Dichotomous variable 

(0/1) 

Disagrees it is expensive to have groceries 

delivered 
0.158 0.364 

Dichotomous variable 

(0/1) 

Thinks shopping online is environmentally 

friendly 
0.312 0.463 

Dichotomous variable 

(0/1) 

Disagrees shopping online is 

environmentally friendly 
0.160 0.367 

Dichotomous variable 

(0/1) 

Satisfaction with in-store grocery shopping experiences    

Satisfied, availability of items 0.656 0.475 
Dichotomous variable 

(0/1) 

Dissatisfied, availability of items 0.154 0.361 
Dichotomous variable 

(0/1) 

Satisfied, quality of items 0.827 0.379 
Dichotomous variable 

(0/1) 

Dissatisfied, quality of items 0.038 0.192 
Dichotomous variable 

(0/1) 

Satisfied, selection of items to choose 

from 
0.741 0.438 

Dichotomous variable 

(0/1) 

Dissatisfied, selection of items to choose 

from 
0.102 0.302 

Dichotomous variable 

(0/1) 

Satisfied, safety measures taken by stores 

to ensure customer safety 
0.751 0.432 

Dichotomous variable 

(0/1) 

Dissatisfied, safety measures taken by 

stores to ensure customer safety 
0.066 0.249 

Dichotomous variable 

(0/1) 

Satisfied, time spent waiting (e.g., to get 

into the store, in line at checkout, etc.) 
0.562 0.496 

Dichotomous variable 

(0/1) 

Dissatisfied, time spent waiting 0.155 0.362 
Dichotomous variable 

(0/1) 

^Notes: Not all levels of multilevel variables may be shown, in particular those that a) comprise <3% or 

>97% of the sample or b) those that were not used other than as a reference level. Dichotomous variables 

are equal to 1 if the condition listed holds and are 0 otherwise. The ‘mean’ of dichotomous variables is 

representative of the percentage of the sample for which the expressed condition is true.  
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Appendix C: External datasets appended to the sample data 

C.1 Building zip code to county crosswalk file 

Many of the available relevant datasets to join to the collected survey data reported 

statistics at the county level. Therefore, it was necessary to develop a crosswalk file 

between zip codes (which were provided by survey respondents) and counties. The U.S. 

Department of Housing and Urban Development publishes zip code to county 

relationship files based on 2010 census geographies (168). Data for the zip code to 

county crosswalk were pulled from the HUD website (169). Because a given zip code 

may fall into multiple counties, the zip code was assigned to the county that the highest 

share of its population resided in, where applicable. 

  

C.2 Rural-urban commuting area codes 

The U.S. Department of Agriculture Economic Research Service (USDA ERA) publishes 

classifications on a rural-metropolitan continuum based on population density, level of 

urbanization, and commuting patterns (67). Although the most recent classifications rely 

on the 2010 decennial census and 2006-2010 American Community Survey, the data 

offer one of the only readily available composite measures of rural, small town, 

micropolitan, and metropolitan area classifications at the zip code level. These data were 

joined to the collected survey data at the zip code level. For this analysis, the survey 

dataset was then limited to include respondents living in metropolitan zip-codes only, 

where both e-grocery and in-store grocery shopping opportunities would be most likely to 

exist.  

 

C.3 County populations with low access to grocery stores 

The USDA ERA also publishes the Food Environment Atlas, which includes data on 

access and proximity to grocery stores at the county level (128). A measure indicating the 

percentage of the county population with low access to grocery stores, defined for urban 

areas as living more than a mile from a supermarket, was linked to the survey data at the 

county level. This measure was tested across the presented analysis in this document to 

see if there was a connection between respondents living in low-access counties and 

utility of e-grocery services, delivery in particular.  

 

C.4 Database of Instacart availability and number of stores 

In order to form a measure of relative availability and potential prevalence of e-grocery 

delivery or pickup service, data were scraped from the Instacart website delineating if a) 

Instacart service was available in each respondent’s zip code, and b) the number of 

grocery and big-box store brands available through Instacart (which was 0 where 

Instacart was not available). Python21 and Selenium22 were employed in the data scraping 

process. While certainly an imperfect measure—Instacart is not the only app through 

which groceries can be delivered. However, its use as a proxy for availability of e-

 

 
21 Python Software Foundation. Python Language Reference, version 3.7.9. Available at 

http://www.python.org 
22 See https://www.selenium.dev/selenium/docs/api/javascript/index.html 

http://www.python.org/
https://www.selenium.dev/selenium/docs/api/javascript/index.html
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grocery services was thought to be appropriate given its sizeable market share (some 

estimate 50% or more (127)).  

 

C.5 COVID-19 related data 

 

C.5.1 Policies 

Policy data at the state level were appended to the survey, using December 23, 2020 as a 

benchmark date for policies being in place (or not)23 . Whether or not statewide mask 

mandates, stay at home orders, or bans on gatherings were in place on the benchmark 

date were summarized for each state based on data from the Centers for Disease Control 

(107–109). The state policies are summarized in Table C1: 

 
Table C1 Survey state policy summaries 

State Mask mandate Stay at home order Ban on gatherings Policy level 

Arizona No No No Low restrictions 

Florida No No No Low restrictions 

Michigan Yes No Yes Mid restrictions 

Oregon Yes Yes Yes High restrictions 

Washington Yes Yes Yes High restrictions 

 

Because these policies were summarized at the state level, state indicators and policy 

indicators were tested separately in analysis. Overall, state indicators performed better, 

likely because they capture both policy and built environment differences across states 

(although significant differences in outcomes rarely varied by state or policy level) 

 

C.5.2 Case and death rates 

Data from The New York Times Github repository tracking COVID-19 cases and deaths 

at the county level (110) were downloaded and aggregated for the four weeks prior to 

survey fielding (starting December 23, 2020). Both total cumulative and new cases and 

deaths across the four weeks were averaged and converted to rates per 100,000 county 

population. The data were then appended to the survey at the county level for testing in 

analyses.  

 

C.5.3 Vaccination rates 

CDC metrics describing the percentage of fully vaccinated population at the county level 

(170) was appended to respondent’s home counties. An additional CDC published 

measure describing the percent of a county’s population that indicated being hesitant or 

strongly hesitant to receive a vaccine (171) was appended. It was hypothesized that 

household shoppers’ and their households’ behavior related to online and in-person 

grocery shopping might be impacted by widespread vaccination level. Namely, perhaps 

 

 
23 This was approximately four weeks prior to survey fielding, and the survey asked about participant’s last 

four weeks of behavior. 



 171 

consumers in areas with higher vaccination rates would show higher levels of in-person 

shopping. Else, areas with high vaccination rates may be culturally more worried about 

contracting COVID-19, and may exhibit higher rates of e-grocery shopping.  

  

C.5.4 CDC Social Vulnerability Index (SVI), COVID-19 Vaccine Coverage (CVAC) 

Index 

The CDC’s SVI describes a communities’ vulnerability to disaster based on a suite of 

characteristics related to socioeconomic and demographic conditions (171), with zero 

indicating least vulnerable communities and one indicating the most vulnerable. 

Measures comparing counties SVI to counties within the same state as well as to counties 

in the U.S. overall were appended to the sample. The CDC also compiled the CVAC 

Index, which captures challenges related to vaccine rollout in a given county based on 

characteristics related to healthcare, resources, and vaccine histories (171). The CVAC 

Index appended to the sample takes a value of zero in the counties expected to face the 

least challenge for vaccination rollout, and one for those expected to face the greatest. 

 

C.5.5 The Federal Reserve Bank of Dallas Mobility and Engagement Index (MEI) 

The Federal Reserve Bank of Dallas compiled the MEI to assess deviations from baseline 

mobility patterns (data from January and February of 2020) based on cell phone data 

(172). The county-level index is presented in percentage difference (x100) in mobility 

compared to baseline data depending on trip times, distances, and locations (at or away 

from home). It was hypothesized that households located in areas with less engagement 

compared to baseline values may rely more on e-grocery services.   
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Appendix D: Descriptive statistics for significant variables in e-grocery delivery 

adoption models, disaggregated by income level 

Table D.1 Low-income e-grocery delivery adoption model descriptives 

 Mean Std. Dev. Min Max 

Outcome: E-grocery delivery status    

Non-adopter 
0.653 0.476 

Dichotomous variable 

(0/1) 

During-pandemic adopter 
0.212 0.408 

Dichotomous variable 

(0/1) 

Pre-pandemic adopter 
0.136 0.343 

Dichotomous variable 

(0/1) 

HH income is 'Extremely Low Income' 
0.342 0.474 

Dichotomous variable 

(0/1) 

Age 18-24 
0.101 0.301 

Dichotomous variable 

(0/1) 

Age 25-34 
0.201 0.401 

Dichotomous variable 

(0/1) 

Currently employed 
0.378 0.485 

Dichotomous variable 

(0/1) 

All members of HH are age 65+ 
0.206 0.404 

Dichotomous variable 

(0/1) 

HH has access to more than one vehicle 
0.308 0.462 

Dichotomous variable 

(0/1) 

Travels to the grocery store by vehicle only 

[driver or passenger], no other modes 
0.744 0.436 

Dichotomous variable 

(0/1) 

HH dwelling unit does not require delivery 

personnel to request access  
0.815 0.388 

Dichotomous variable 

(0/1) 

Zip code population density (people per square 

mile) 
3,192.509 3,501.205 10.037 41,168.847 

HH located in Arizona 
0.180 0.385 

Dichotomous variable 

(0/1) 

HH located in Florida 
0.211 0.408 

Dichotomous variable 

(0/1) 

HH located in Michigan 
0.205 0.404 

Dichotomous variable 

(0/1) 

HH located in Oregon 
0.190 0.392 

Dichotomous variable 

(0/1) 

HH's preferred grocery store is not easy to get to 

from home 
0.041 0.197 

Dichotomous variable 

(0/1) 

HH is purchasing more groceries each shop 

compared to before the COVID-19 pandemic 
0.402 0.490 

Dichotomous variable 

(0/1) 

HH has not changed grocery stores in response 

to the COVID-19 pandemic 
0.754 0.431 

Dichotomous variable 

(0/1) 

HH has not changed in-store grocery shopping 

frequency compared to before the start of the 

COVID-19 pandemic 

0.517 0.500 
Dichotomous variable 

(0/1) 

HH dissatisfied with item quality when in-store 

shopping during the COVID-19 pandemic 
0.046 0.210 

Dichotomous variable 

(0/1) 
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When grocery shopping, not having to carry 

items is very important 
0.188 0.391 

Dichotomous variable 

(0/1) 

When grocery shopping, being able to inspect 

items for quality is not important 
0.054 0.226 

Dichotomous variable 

(0/1) 

When grocery shopping, being able to inspect 

items for quality is very important 
0.641 0.480 

Dichotomous variable 

(0/1) 

When grocery shopping, minimizing travel to 

the store is not important 
0.214 0.410 

Dichotomous variable 

(0/1) 

When grocery shopping, not having to pay any 

delivery fees is very important 
0.664 0.472 

Dichotomous variable 

(0/1) 

Knows others who are ordering groceries online 
0.415 0.493 

Dichotomous variable 

(0/1) 

Thinks it is easy to shop online for groceries 
0.548 0.498 

Dichotomous variable 

(0/1) 

Disagrees that scheduling grocery delivery is 

difficult 
0.262 0.440 

Dichotomous variable 

(0/1) 

Disagrees that HH members are too tired to cook 

in response to the COVID-19 pandemic 

0.391 0.488 
Dichotomous variable 

(0/1) 

Is uncomfortable with delivery personnel 

coming to their home 
0.106 0.308 

Dichotomous variable 

(0/1) 

 

Table D.2 Mid-income e-grocery delivery adoption model descriptives 
 Mean Std. Dev. Min Max 

Outcome: E-grocery delivery status    

Non-adopter 0.629 0.483 Dichotomous variable (0/1) 

During-pandemic adopter 0.187 0.390 Dichotomous variable (0/1) 

Pre-pandemic adopter 0.184 0.388 Dichotomous variable (0/1) 

Age 55-64 0.167 0.373 Dichotomous variable (0/1) 

No HH members are age 65+ 0.676 0.468 Dichotomous variable (0/1) 

Education level is college degree or higher 0.600 0.490 Dichotomous variable (0/1) 

Is a homemaker 0.082 0.275 Dichotomous variable (0/1) 

Is employed and working from home 

exclusively. 
0.169 0.375 Dichotomous variable (0/1) 

Travels to the store by vehicle only [driver or 

passenger], no other modes 
0.856 0.352 Dichotomous variable (0/1) 
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Vehicles per HH member 0.817 0.443 0 3 

HH located in Arizona 0.251 0.434 Dichotomous variable (0/1) 

HH located in Florida 0.200 0.400 Dichotomous variable (0/1) 

HH located in Michigan 0.200 0.400 Dichotomous variable (0/1) 

HH located in Oregon 0.167 0.373 Dichotomous variable (0/1) 

HH member(s) were diagnosed with COVID-19 0.131 0.338 Dichotomous variable (0/1) 

HH worried that food would run out before 

having money to buy more 
0.222 0.416 Dichotomous variable (0/1) 

HH has not changed in-store grocery shopping 

frequency in response to the pandemic 
0.536 0.499 Dichotomous variable (0/1) 

Is satisfied with in-store safety measures when 

shopping in-store during the COVID-19 

pandemic 

0.769 0.422 Dichotomous variable (0/1) 

When grocery shopping, minimizing level of 

effort is very important 
0.269 0.444 Dichotomous variable (0/1) 

When grocery shopping, not having to carry 

items is very important 
0.124 0.330 Dichotomous variable (0/1) 

When grocery shopping, getting the best price 

available is very important 
0.667 0.472 Dichotomous variable (0/1) 

When grocery shopping, minimizing travel to 

the store is not important 
0.238 0.426 Dichotomous variable (0/1) 

Does not think it is expensive to have groceries 

delivered 
0.171 0.377 Dichotomous variable (0/1) 

Is comfortable having a delivery person come to 

their home 
0.709 0.454 Dichotomous variable (0/1) 

Thinks it is easy to shop online for groceries 0.604 0.489 Dichotomous variable (0/1) 

Does not know others who are ordering 

groceries online 
0.247 0.431 Dichotomous variable (0/1) 

Agrees that scheduling grocery delivery is 

difficult 
0.302 0.459 Dichotomous variable (0/1) 
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Disagrees that shopping online is 

environmentally friendly 
0.164 0.371 Dichotomous variable (0/1) 

 

Table D.3 High-income e-grocery delivery adoption model descriptives 

 Mean Std. Dev. Min Max 

Outcome: E-grocery delivery status 
    

Non-adopter 
0.600 0.490 

Dichotomous variable 

(0/1) 

During-pandemic adopter 
0.186 0.389 

Dichotomous variable 

(0/1) 

Pre-pandemic adopter 
0.214 0.410 

Dichotomous variable 

(0/1) 

Age 18-24 
0.048 0.213 

Dichotomous variable 

(0/1) 

All members of HH are age 65+ 
0.259 0.438 

Dichotomous variable 

(0/1) 

Vehicles per HH member 
0.913 0.414 

Dichotomous variable 

(0/1) 

Travels to the store by vehicle only [driver or 

passenger], no other modes 
0.864 0.343 

Dichotomous variable 

(0/1) 

There are several grocery stores in walking 

distance from HH dwelling unit 
0.231 0.422 

Dichotomous variable 

(0/1) 

HH dwelling unit has a protected place to leave 

deliveries (e.g., covered porch, building locker, 

garage, etc.) 

0.853 0.354 
Dichotomous variable 

(0/1) 

HH located in Arizona 
0.194 0.396 

Dichotomous variable 

(0/1) 

HH located in Florida 
0.252 0.434 

Dichotomous variable 

(0/1) 

HH located in Michigan 
0.181 0.385 

Dichotomous variable 

(0/1) 

HH located in Oregon 
0.196 0.397 

Dichotomous variable 

(0/1) 

HH is shopping at fewer grocery stores in 

response to the COVID-19 pandemic 

0.466 0.499 
Dichotomous variable 

(0/1) 

HH is shopping at more grocery stores in 

response to the COVID-19 pandemic 
0.077 0.266 

Dichotomous variable 

(0/1) 

HH is placing orders for restaurant delivery 

more often compared to before the COVID-19 

pandemic 

0.293 0.455 
Dichotomous variable 

(0/1) 

HH has not changed in-store grocery shopping 

frequency in response to the pandemic 

0.505 0.500 
Dichotomous variable 

(0/1) 

Disagrees that HH has less time to shop 

compared to before the COVID-19 pandemic 
0.692 0.462 

Dichotomous variable 

(0/1) 
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Is satisfied with time spent waiting (e.g., to get 

in the store, in line at checkout, etc.) when 

shopping in-store during the COVID-19 

pandemic 

0.625 0.484 
Dichotomous variable 

(0/1) 

When grocery shopping, minimizing level of 

effort is very important 

0.276 0.447 
Dichotomous variable 

(0/1) 

When grocery shopping, being able to easily 

comparison shop is very important 

0.400 0.490 
Dichotomous variable 

(0/1) 

When grocery shopping, not having to pay 

delivery fees is very important 
0.576 0.494 

Dichotomous variable 

(0/1) 

Is comfortable having a delivery person come to 

their home 
0.746 0.435 

Dichotomous variable 

(0/1) 

Is not worried about deliveries being stolen, 

misplaced, or not delivered 
0.480 0.500 

Dichotomous variable 

(0/1) 

Knows others who are ordering groceries online 
0.534 0.499 

Dichotomous variable 

(0/1) 

Thinks it is easy to shop online for groceries 
0.608 0.488 

Dichotomous variable 

(0/1) 

Disagrees that scheduling grocery delivery is 

difficult 
0.328 0.469 

Dichotomous variable 

(0/1) 

Agrees shopping online saves time 
0.608 0.488 

Dichotomous variable 

(0/1) 
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Appendix E: Extended results of trip rate models 

E.1 Weekly in-store grocery trip rates 

 

Household and respondent demographics, geographics, and dwelling unit characteristics 

Estimated parameters for household size, along with indicators for households having 

access to more than one vehicle and households receiving SNAP benefits, were found to 

be random and normally distributed. The parameter for household size has a mean of 

0.104 and standard deviation of 0.103, indicating it has a positive effect on weekly in-

store grocery trip rates for 84% of households and a negative effect for 16%. Trip 

literature generally supports the finding that larger households generate more trips in 

general (173). However, key information about expenditures could help unpack the 

negative effect. While a larger household may purchase more food, purchases could be 

distributed among any number of trips shared by household members. A household may, 

for example, only generate one trip to the store a week, but purchase more groceries in a 

single trip than a household of the same size, who breaks their purchase into two trips. 

 A similar logic might be extended to the random parameter estimated for SNAP 

recipients, which has a mean of 0.172 and a standard deviation of 0.649. This indicates 

receiving SNAP benefits has a positive effect on weekly in-store grocery trip rates for 

60% of households, and negative effect for the remaining 40%. A household receiving 

SNAP benefits may make fewer trips to the store around when their benefits are 

distributed, stockpiling groceries for the month. Conversely, a household may use their 

benefits in smaller increments throughout the month, supplementing their benefits with 

income as it comes in.  

 Sixty-two percent of households who have access to more than one vehicle have 

higher weekly in-store grocery trip rates compared to those who don’t, while 38% have 

lower trip rates. This is indicated by the associated parameter mean of 0.078 and standard 

deviation of 0.269. A positive effect of car ownership on trip making (particularly, of 

course, on vehicle trips) has been demonstrated in the literature (174, 175). With respect 

to grocery shopping, vehicles may boost the ease and convenience of traveling to the 

store, possibly leading to more trips. However, a household can likely transport more 

groceries from a given shopping trip in a vehicle compared to other modes, like transit, 

walking, or biking. Because of this, vehicle-owning households may be able to fulfill 

their food shopping needs in fewer trips.  

 The importance of perceived accessibility to grocery stores is demonstrated in the 

model. If a household’s preferred grocery store is easy to get to from home, their weekly 

in-store grocery trip rate is expected to be higher. Conversely, if there are no grocery 

stores in walking distance of home, a household’s weekly in-store grocery trip rate is 

expected to be lower. These results suggest households with better access to grocery 

stores, measured subjectively and in terms of travel distances, will generate more weekly 

in-store shopping trips. Differences exist in the literature on this matter. Li et al. (176), 

using a measure of accessibility based on travel costs, find a positive relationship 

between accessibility and non-work travel. In contrast, Handy (177) finds higher levels of 

local and regional accessibility do not impact shopping trip frequency, although they are 
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associated with lower travel distances. These discrepancies likely stem from differences 

in how accessibility is measured (173).  

  Of the state control variables, households located in Michigan are expected to 

have lower weekly in-story grocery trip rates compared to those in Washington. At the 

time of survey fielding, Washington had a statewide stay at home order, mask mandate, 

and ban on gatherings, while Michigan had no stay-at-home order. It’s possible that 

households in Michigan opted to shop for groceries in-person less often to avoid 

exposure to COVID-19 due to the looser statewide restrictions. Given the survey was 

fielded in January and February, this may also be related to snowy weather conditions in 

Michigan limiting in-person travel overall—although rainy weather conditions in 

Washington, depending on location, may have also deterred in-person travel during this 

time.  

 

COVID-19 related indicators 

Households where at least one member received at least the first dose of COVID-19 

vaccines are associated with higher weekly in-store grocery trip rates. Increased comfort 

in resuming typical in-store shopping behaviors due to decreased risk of getting seriously 

ill from COVID-19 may influence this result. Likely, there is a positive trend between in-

store trip making and vaccinated individuals as well as individuals not concerned about 

contracting COVID-19, although only the former is explicitly demonstrated by the 

model.  

 The estimated indicator parameter for households where least one member 

experienced a temporary layoff, furlough, or permanent job loss due to the pandemic was 

found to be random and normally distributed. This indicates 62% of households with this 

experience have higher weekly in-store grocery trip rates, while 38% have lower trip 

rates. Household income and an indicator for households who experienced a decrease in 

income during the pandemic were not found to be significant in this model. However, job 

instability is likely associated with worries about or actual decreases in income, which 

might be expected to disrupt food shopping due to (actual or expected) constrained 

resources. In contrast, a household may go to the store to shop more frequently under 

these conditions, purchasing fewer groceries at a time based on paycheck schedules. 

Again, information on household food expenditures, and the timeframe at which 

household income is received, would greatly inform this finding.  

 Households that are shopping at fewer stores in response to the COVID-19 

pandemic are expected to have lower weekly in-store trip rates, as are households who 

have less time to shop compared to before the start of the pandemic. Assuming a 

household would make a fixed number of trips to each store they shop at, the former 

finding being associated with a lower trip rate follows expectations. Additionally, it 

makes sense that households who are under increased time constraints due to the 

pandemic would undergo fewer in-person shopping trips in a given week. 

 

Household shopper attitudes 

A handful of household shopper attitudes were found to be significantly associated with 

weekly in-store grocery trip rates in the expected directions. Households where shoppers 

indicated they enjoyed shopping for food were associated with higher weekly in-store 
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grocery trip rates. Those where shoppers like to shop at a variety of stores are expected to 

have higher rates. On the other hand, households where shoppers indicated that 

minimizing time spent shopping and minimizing travel to the grocery store were very 

important were expected to have lower trip rates. 

An indicator for shoppers who said being able to inspect items for quality when 

grocery shopping is very important was found to be random and normally distributed 

with a mean of 0.250 and a standard deviation of 0.352. This indicates a positive trend 

between this attitude and weekly in-store grocery trip rates for 76% of households, and a 

negative trend for 24%. Interpretation of the positive trend is intuitive: in order to inspect 

the quality of various items when shopping, a household shopper would be expected to 

travel to the store more often to do so. Yet, the reverse is also intuitive. In a study of low-

income households, Webber et al. (113) found that product quality was a major factor of 

importance in food shopping. Fresh food lasts longer, and participants noted that 

inspecting item quality was an indicator for its respective shelf life. It follows that 

respondents who enjoy inspecting items for quality may be doing this so that purchases 

last longer and fewer trips to the store are required in a given time period. 

 

E.2 Weekly online grocery pickup trip rates 

 

Household and respondent demographics, geographics, and dwelling unit characteristics 

In the participation model, the estimated parameter for shopper age 25-34 was found to 

be random and normally distributed with a mean of 0.173 and standard deviation of 

0.608. This indicates that households with shoppers in this age group are more likely to 

place an online pickup grocery order for 61% of households, and less likely for 39%. In 

an overlapping age cohort (31-40 year olds), Droogenbroeck and Hove (26) found a 

higher probability of use of an online pickup grocery service compared to the reference 

group of 18-30 year olds, and a negative trend of age on use thereafter. The positive 

result here also aligns literature finding that younger exhibit higher rates of online 

shopping compared to older groups (31, 37). The negative facet of the heterogeneous 

effect here could stem from the fact that this age group is less susceptible to serious 

health problems as a result of contracting COVID-19, which may decrease the utility of 

online pickup from a safety standpoint relative to older age groups. 

 Households where the responding shopper is male are expected to have higher 

weekly online pickup grocery trip rate. Men are more likely to shop online in general 

(26), although women may be more likely to shop both in-store and online (31)—perhaps 

because they do more of household provisioning in general (32). In the participation 

model, the estimated parameter for households with children was found to be random and 

normally distributed with a mean of 0.408 and a standard deviation of 0.357. Households 

with children are thus expected to have higher weekly online pickup grocery trip rates in 

87% of households, and lower rates in 13% of households. Larger households, 

particularly those with children, have been linked with more frequent online provisioning 

habits (31). Children might introduce additional time constraints on households, making 

online ordering options more attractive. The negative effect might be observed for a 

variety of reasons. Online pickup still requires a trip to the store. If shoppers have young 

children with them, additional time waiting spent waiting in the car may be undesirable if 
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children grow restless. Trips to the store may also be chained with trips to and from 

children’s school or extracurricular activities, which may not always align with online 

pickup windows.  

 Households where the responding shopper was unemployed and not looking for 

work are expected to have lower weekly online pickup grocery trip rates. Households 

where at least one member experienced a temporary layoff, furlough, or permanent job-

loss during the pandemic are also associated with lower rates. Similar to the findings in 

the weekly in-store grocery trip rate model, household income and an indicator for 

households who experienced a decrease in income during the pandemic were not found to 

be significant here. These employment-related characteristics may, however, reflect 

existing or anticipating constraints on household income and resources available for food 

shopping. The strict negative trends here compared to the previously observed 

heterogeneity may be due to additional fees—for example, third party app fees or 

servicing fees—associated with online grocery pickup.  

 Zero-car households are associated with lower weekly online pickup trip rates. 

The direction of this effect is as expected. Unlike online grocery delivery, online grocery 

pickup still requires travel to the store. One perceived benefit of online pickup compared 

to in-store shopping during the pandemic, besides any assumed time savings, is that 

groceries are loaded into one’s vehicle with minimal exposure to others. Grocery stores 

with curbside pickup options typically have reserved parking or curb space for this 

purpose. In order for zero-car households to shop this way, they may need to borrow 

vehicles from others, posing additional hassle associated with grocery pickup. 

In contrast, households with internet access are associated with higher weekly 

online pickup grocery trip rates. Internet—or else a data plan, an indicator for which was 

not significant in this model—is a prerequisite for ordering online in general. Being able 

to do so from home enhances the relative ease of this action, potentially increasing the 

attractiveness of online grocery pickup. Without internet at home, households may have 

to place online orders using public Wi-Fi hotspots, adding an additional step—and 

barrier—to ordering groceries online.   

 Of the state control variables, the estimated parameter for households in Oregon 

was found to be random with a normal distribution in the participation model. The 

parameter mean of -0.220 and standard deviation of 0.333 suggest 25% of households 

located in Oregon have higher probabilities of placing an online grocery pickup order 

compared to those in Washington, with a lower probability observed in the remaining 

75%. Oregon and Washington both had statewide mask mandates, stay at home orders, 

and bans on large gatherings in place at the time of survey fielding. However, in the four 

weeks prior to survey fielding (the timeframe in which survey respondents were asked 

about their behaviors), Oregon counties experienced fewer new COVID-19 cases on 

average compared to Washington counties. Lower perceived COVID-19 risks in Oregon 

may influence this result.  

 

COVID-19 related indicators 

Households where at least one member was diagnosed with COVID-19 have higher 

weekly online pickup grocery trip rates. This may signal household utilization of online 

grocery pickup to avoid exposure to others during or after contracting COVID-19. 
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Changes in provisioning in response to the COVID-19 pandemic also offered explanatory 

power. Households where shoppers indicated they were shopping in-person at grocery 

stores less often since before the start of the pandemic, and those who were shopping at 

fewer grocery stores in response to the pandemic, have higher rates. This supports a 

hypothesis that online pickup was perhaps used to make up for lower in-person shopping 

rates and fewer shopping destinations due to the pandemic, likely changes that were made 

as safety precautions.  

 The estimated parameter for households ordering restaurant food for delivery 

more often compared to before the start of the pandemic was found to be random with 

normal distribution. The parameter mean of 0.269 and standard deviation of 0.339 

indicate a positive effect of this behavior on weekly online pickup grocery trip rates for 

71% of households, and a negative effect for 29%.  Similar to the relationship between 

the outcome variable and online restaurant pickup trip rates, the heterogeneity here may 

be due to a positive association between use of online ordering methods and a negative 

association between restaurant and grocery provisioning. 

 The estimated parameter for households who are planning ahead before shopping 

more often compared to before the start of the COVID-19 pandemic is random and 

normally distributed with a mean of 0.128 and a standard deviation of 0.323. This 

indicates a positive association between the indicator and weekly online pickup grocery 

trip rates for 65% of households and a negative association for 35%. The heterogeneity 

here may be capturing differences in perceived benefits of online pickup as it relates to 

household planning. For some, online pickup (or delivery) ordering may require more 

advance planning, as consumers must go on to the relevant website or app and select 

items to schedule for pickup in advance. In contrast, consumers may plan in advance but 

can also make unplanned purchases within the store with traditional in-store shopping. 

On the other hand, some may view online purchasing methods as simplifying their 

planning efforts given only needed items can be added to their online carts. 

 Dissatisfaction with in-store shopping selection and safety measures taken by 

stores were both positive predictors of online pickup grocery trip rates. Households 

where respondent shoppers indicated they were dissatisfied with in-store shopping 

selection are expected to have higher weekly online grocery pickup trip rates. Those who 

said they were dissatisfied by safety measures taken in store are also associated with 

higher rates. The online marketplace may offer consumers a wider selection when in-

store supply is constrained, as has been the case during the COVID-19 pandemic (3, 4). 

Online pickup also offers a safer method of shopping during the pandemic due to reduced 

exposure to others in close quarters, especially when consumers care about, and are 

dissatisfied with, safety measures (or lack thereof) implemented by stores.  

  

Household shopper attitudes 

A number of attitudinal variables have explanatory power for weekly online grocery 

pickup trip rates. The estimated parameter for household shoppers who noted being able 

to inspect items for quality is very important was significant in both the participation and 

frequency model and was found to be random with a normal distribution in the latter. 

Households with shoppers who held this attitude were associated with a lower probability 

of using online grocery pickup. In the frequency model, the estimated parameter for this 



 182 

indicator had a mean of -0.217 and a standard deviation of 0.467. This indicates a 

positive effect of the indicator on weekly online pickup grocery trip rates for 32% of 

households and a negative effect for 68%. The negative effects in both the participation 

and frequency model may follow from such households preferring in-store shopping 

methods to online ones, where items, especially produce, can be assessed prior to 

purchase. There are different plausible reasons for the positive effect in the frequency 

model. Even though items in online pickup orders are not selected by shoppers 

themselves, shoppers may review their purchases in their cars before heading home with 

their groceries, allowing them to inspect and potentially exchange items.  

 The attitudinal indicators with the greatest magnitude of effect—not only in 

comparison to other attitudes, but to all other explanatory variables for which parameters 

were estimated— are those for household shoppers who think it is easy to shop for 

groceries online. This attitude is associated households having higher weekly online 

pickup grocery trip rates. Where household shoppers think shopping for groceries online 

saves money, their households are expected to have higher online pickup grocery trip 

rates. Together, these attitudes reflect that ease of use and cost savings may be major pull 

factors toward grocery online pickup methods. Despite additional costs that could be 

incurred for grocery pickup (third-party app fees or other service fees, for example), 

some online platforms may embed coupons or offer other online-exclusive deals to using 

consumers, increasing the attractiveness of such shopping modes.  

 Households where shoppers indicated minimizing time spent shopping is very 

important are associated with higher weekly online pickup grocery trip rates, as are those 

who indicated online shopping saves time. In contrast, households where respondents 

indicated they enjoy shopping for food are associated with lower online pickup grocery 

trip rates. These variables may represent seemingly opposite consumer attitudes toward 

shopping; those who enjoy shopping for food may not mind spending time doing so, 

while those who aim to minimize time may do so in order to avoid the task of shopping, 

particularly if it feels like a chore. These attitudes may be markers for populations who 

are more likely to use grocery pickup in the future (i.e., those who enjoy time savings) 

and those who are less likely (i.e., those who like shopping).  

 Households where responding shoppers indicate they know others who are 

shopping for groceries online are expected to have higher weekly online pickup trip rates. 

This likely reflects the power of social norms on behavior, which has been previously 

demonstrated in literature specifically pertaining to e-grocery shopping (47, 52). 

Households where shoppers say they like to shop at a variety of stores are expected to 

have higher weekly online grocery trip rates, while those where shoppers indicate that 

getting out of the house is very important when grocery shopping are also associated with 

higher rates. Online pickup as a shopping mode may more easily allow consumers to pick 

up items from a variety of stores in less time than it would take to go shopping in each 

store individually, providing a time savings benefit. Additionally, online pickup ordering 

may allow consumers to reap perceived benefits of this shopping mode over in-store 

shopping—less risk of contracting COVID-19, time savings, minimized shopping effort, 

etc. —while still being able to get out of the house, a benefit over online grocery 

delivery.  
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E.3 Weekly online grocery delivery trip rates 

 

Household and respondent demographics, geographics, and dwelling unit characteristics 

Households whose responding shopper is currently working exclusively from home are 

expected to have higher weekly online grocery delivery trip rates. Having a household 

member regularly home during the day to receive groceries likely expands available 

delivery windows a household can choose from, potentially increasing the convenience of 

this shopping mode. Households where all members are 65 or older, on the other hand, 

are associated with lower weekly online grocery delivery trip rates. This generally aligns 

with lower e-commerce rates observed in older populations (31, 37). However, given the 

increased risk of major illness due to COVID-19 for this population, as well as the more 

limited mobility patterns associated with aging (122), e-grocery delivery services seem 

like they would have a high utility. Although this population’s internet usage is rising 

(178), focus groups with members of this population may provide key insights about 

current barriers to and perceived benefits of e-grocery delivery, which can then be used to 

facilitate strategies easier access. 

 Parameters estimated for a number of household demographics—including 

household size and indicators for households including children, receiving SNAP 

assistance, having access to more than one vehicle, and traveling to the store by vehicle 

only— were found to be random, normally distributed parameters. The parameter 

estimated for household size had a mean of 0.192 and a standard deviation of 0.202, 

indicating a positive effect on weekly online grocery delivery trip rates for 83% of 

households and a negative trend for 17% of households. The random parameter for 

households with children has a mean of 0.362 and a standard deviation of 0.609. This 

suggests households with children have higher weekly online grocery delivery trip rates 

for 72% of households, and lower rates for 28% of households. Larger households, 

particularly those with children, have been linked with more frequent online provisioning 

habits (31).One potential explanation for the negative trend may have to do with cost. 

Expenditures for larger households are likely higher, and those higher expenditures along 

with online delivery costs (e.g., delivery fees, tips, higher price-points, etc.) may deter 

these households from using e-grocery delivery as frequently. With respect to children, 

another possible explanation is that other shopping modes—like in-store shopping or 

online pickup—may be trip-chained to other activities surrounding children, including 

school pickups and drop-offs or extracurricular activities. If a traditional in-store trip, or 

online pickup event, can be easily scheduled surrounding other activities, the perceived 

benefits of online delivery may not outweigh the negative aspects, including cost. 

 The random parameter for households receiving SNAP benefits had a mean of -

0.555 and a standard deviation of 0.143, indicating a positive trend with weekly online 

grocery delivery trip rates for 13% of households and a negative trend for 87%. In April 

of 2019, USDA launched a pilot program for use of SNAP benefits online at participating 

retailers in New York; by September of 2020, the pilot had been expanded to more than 

40 states, including the five states survey respondents were located in (179). The pilot 

allowed SNAP recipients to use their benefits on eligible items online for the first time, 

which may explain the positive trend here. However, barriers were still in place. SNAP 

benefits could not, for example, be used to cover delivery fees. Additionally, benefits 
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could only be used online at two stores in the five survey states—Walmart and 

Amazon—limiting selection. On top of the additional costs already associated with online 

delivery, the culmination of these factors likely helps explain the negative effect for the 

majority of households.  

 Variables related to vehicle use and ownership had heterogeneous effects on 

weekly online grocery delivery trip rates. The random parameters estimated for 

households having access to more than one vehicle and for households traveling to the 

store by vehicle only had means of -0.495 and -0.540 and standard deviations of 1.083 

and 0.696, respectively. For households having access to more than one vehicle, this 

translates to a positive effect on weekly online grocery delivery trip rates for 32% of 

households and a negative effect for 68%. For households whose primary travel mode to 

the store is vehicle only, this translates to a positive effect on rates for 22% of households 

and a negative effect for the remaining 78%. The negative effects of these variables on 

weekly online grocery delivery trip rates likely has to do with access and shopping 

convenience. Vehicle owning- and using- households may more easily travel to the store 

compared to slower modes like walking and transit, in general. Additionally, it is easier 

to carry groceries back home in a vehicle compared to other modes. As such, vehicle 

ownership and reliance may decrease the utility of e-grocery delivery. However, the 

positive trend may be associated with COVID-19, as the benefits of e-grocery delivery 

during this time extend beyond transportation convenience to include offering a safer way 

to grocery shop by reducing exposure to others. The perceived safety benefits may make 

e-grocery delivery an attractive shopping mode even for those who can easily access a 

grocery store in-person.  

 Indicators related to dwelling unit security offered positive explanatory power on 

weekly online grocery delivery trip rates. Households whose homes have a protected 

place to leave deliveries (e.g., covered porch, building locker, etc.) are expected to have 

0.073 higher weekly online grocery delivery trip rates, while households whose home 

requires delivery personnel to request access to drop off packages (e.g., keycard access 

apartment buildings; gated communities) are associated with higher weekly online 

delivery rates. These effects make sense given home tends to be consumers’ preferred 

place to receive deliveries but security is a major concern (180, 181). 

 Population density of households’ zip codes is positively related to weekly online 

grocery delivery trip rates. Although the sample was limited to metropolitan zip codes, 

the significance here indicates that households in more urban areas have higher online 

grocery delivery rates, likely a function of higher densities of grocery stores in such areas 

and, subsequently, increased availability of a variety of stores with e-grocery delivery 

options.  

 

COVID-19 related indicators 

While behavioral changes in response to the pandemic with regard to certain provisioning 

methods were previously discussed, other variables related to COVID-19 offered 

significant explanatory power in the model. Households where at least one member was 

particularly vulnerable to COVID-19—perhaps due to age or pre-existing health 

conditions—are associated with higher weekly online grocery delivery trip rates. This 

suggests e-grocery delivery may be utilized by some vulnerable populations to reduce 
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risk of exposure to COVID-19 relative to in-store shopping. In contrast, households 

where responding shoppers expressed they were satisfied with safety measures taken by 

their grocery stores when shopping in person are expected to have lower weekly online 

grocery delivery trip rates.  

 Households who are shopping at all different grocery stores in response to the 

COVID-19 pandemic are associated with higher weekly online grocery delivery trip 

rates. Unsatisfactory experiences shopping at pre-pandemic preferred grocery stores, 

which may include constrained supplies, may have pushed households to switch from 

their traditional stores to new ones. New stores may also include online markets, which 

offers a possible explanation for the positive trend here.  

 

Respondent attitudes 

Many attitudinal variables were found to be linked with weekly online grocery delivery 

trip rates. Households where responding shoppers indicated being able to inspect items 

for quality is very important when grocery shopping are expected to have lower weekly 

online grocery delivery trip rates. This direction of effect is expected, given that shoppers 

are not able to inspect items before receiving them in a grocery delivery order. The 

parameter estimated for households where shoppers noted being able to comparison shop 

is very important is random and normally distributed with a mean of 0.240 and a standard 

deviation of 0.359. This reveals the attitude has a positive effect on e-grocery delivery 

trip rates for 75% of households and a negative effect for 25%. This heterogeneity may 

arise based on how shoppers prefer to comparison shop. The positive effect might be 

explained in that the online market expands available selection and products that 

shoppers may not find in-store, allowing for more extensive comparison shopping. In 

contrast, comparison shopping may be more easily performed within a single grocery 

store without having to search across multiple marketplaces or do online research. 

 Three explicit cost related variables have significant explanatory power in the 

model. Households whose responding shoppers said being able to use coupons is very 

important when grocery shopping are associated with lower weekly e-grocery delivery 

trip rates. In-store coupons may still be more readily available than online ones, 

particularly for online retailers not connected to an existing big-box grocery store. 

Households where shoppers indicated not having to pay any delivery fees is very 

important are expected to have lower weekly e-grocery delivery trip rates, signaling costs 

associated with delivery as a deterrent to online grocery delivery shopping for these 

households. The estimated parameter for households whose shoppers think shopping 

online saves money is random and normally distributed with a mean of 0.236 and 

standard deviation of 1.087. This suggests households whose shoppers hold this attitude 

have higher weekly e-grocery delivery trip rates for 59% of households, but lower rates 

for 41%. The positive effect is intuitive, as consumers who see cost-savings associated 

with online ordering may reap this perceived benefit by using e-grocery delivery more 

frequently. However, the negative effect may reveal that either hassles associated with e-

grocery services—scheduling orders, substitutions, etc.—or else preference of offline 

grocery shopping experiences outweigh perceived cost savings for some households.  

 Indicators related to ease were also key determinants of weekly online grocery 

delivery trip rates. Households whose responding shopper thinks shopping online for 
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groceries is easy are associated with higher weekly e-grocery delivery trip rates. 

Additionally, households where respondents indicated they believe scheduling e-grocery 

delivery is difficult are expected to have lower weekly e-grocery delivery trip rates. This 

continues trends observed in earlier analyses. This positive trend follows that observed in 

the weekly online grocery pickup trip rate model. Ease of use was also positively 

associated with pre-pandemic and during-pandemic e-grocery delivery adoption.  

Households whose shoppers say they others who are shopping for groceries 

online have higher weekly e-grocery delivery trip rates. This attitude was also positively 

associated with weekly e-grocery pickup trip rates. Again, this demonstrates the power of 

social norm in influencing behavior related to e-grocery services (47, 52). The estimated 

parameter for households where responding shoppers indicated they are comfortable with 

delivery personnel coming to their home is random and normally distributed. The 

parameter mean of 0.490 and standard deviation of 0.312 suggest comfort with delivery 

personnel has a negative effect on weekly e-grocery delivery trip rates in just 6% of 

households, but a positive effect in the other 94%. Knowing others participating in online 

grocery ordering, as well as being comfortable with groceries being delivered to the 

home, seem likely to influence acceptance and use of this provisioning mode. The 

negative association between comfort with delivery personnel and weekly e-grocery 

delivery may stem from the difference between groceries and other goods. While a 

consumer may feel comfortable about other items being delivered to home, there may be 

specific concerns about groceries—tampering with food or other security-related 

factors—that would reduce e-grocery delivery frequency.  

Households where shoppers say minimizing travel to the grocery store is very 

important are expected to have higher e-grocery delivery trip rates, as are households 

where shoppers indicated not having to carry items is very important. Reducing trip-

making for households certainly seems to be a major benefit of e-grocery delivery. 

Additionally, couriers may leave groceries at a household’s doorsteps, limiting the 

amount of carrying one must do being from the front door to the kitchen. Although 

interactions between these variables, along those related to car ownership and use, were 

not significant, they are theoretically expected to be related. Households reliant on non-

auto modes, like transit, walking, and biking, may see extra benefits in minimizing travel 

to the store and not having to carry items, given the slower pace and more limited storage 

capacity of these modes.  

The parameter estimated for households whose responding shoppers claim it’s 

important to support local businesses is random with a normal distribution. With a mean 

of -0.715 and standard deviation of 0.689, this attitude positively effects weekly e-

grocery delivery trip rates for 15% of households and negative effects 85%. The negative 

effect makes sense, given third-party apps typically reduce profits for businesses (and for 

small ones in-particular) (182), and given local businesses may be less likely to offer e-

grocery delivery services. However, for those businesses that do, e-grocery delivery may 

be a good way to support those businesses for COVID-19 weary consumers during the 

pandemic, or for businesses who have limited in-store shopping hours. 
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