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A B S T R A C T   

The COVID-19 pandemic has significantly affected shopping behavior and has accelerated the adoption of online 
shopping and home deliveries. We administered an online survey among the population in the Portland- 
Vancouver-Hillsboro Metropolitan area on household and demographic characteristics, e-commerce prefer-
ences and factors, number of deliveries made before and during the COVID-19 lockdown, and number of de-
liveries expected to make post-pandemic. In this research, we conduct an exploratory analysis of the factors that 
affect home delivery levels before, during, and post-COVID-19. There was a significant increase in home de-
liveries during the COVID-19 lockdown relative to the before COVID-19 period. A high proportion of the 
households that made less than three deliveries per month before the pandemic stated they would order more 
online post-pandemic. A majority of the households that ordered more than three deliveries per month before 
COVID-19 are expected to revert to their original levels post-pandemic. The two variables most positively 
affecting the likelihood of online shopping were access to delivery subscriptions and income. Tech-savvy in-
dividuals are expected to make more home delivery orders post-pandemic compared to before and during 
COVID-19. Health concerns positively increase the likelihood of ordering online during the pandemic and post- 
pandemic. Older and retired individuals are less likely to use online deliveries. However, the likelihood of older 
and retired individuals ordering more home deliveries increased during the pandemic lockdown. Households 
with disabled members, single workers, and respondents concerned about online experience and health are more 
likely to be first-time online shoppers during the pandemic.   

Introduction 

The COVID-19 pandemic has had a significant impact on our day-to- 
day lives. The associated lockdowns have affected traffic patterns, with a 
reasonable percentage of the population working remotely if viable 
(Abdullah et al., 2020; Beck and Hensher, 2020a, 2020b; De Vos, 2020; 
Grida et al., 2020; Jenelius and Cebecauer, 2020; Katrakazas et al., 
2020; Loske, 2020; Mogaji, 2020; Monmousseau et al., 2020; Parady 
et al., 2020; Shamshiripour et al., 2020; Sobieralski, 2020). Specifically, 
the pandemic has had a significant impact on the way we shop, with a 
movement towards e-commerce. Instacart, a popular grocery delivery 
service in the United States, experienced a 500% growth in April 2020 
(CNBC, 2020). May 2020 saw a 78% increase in online shopping 
compared to May 2019 (eMarketer, 2020). The e-commerce explosion 
has significant implications for the transportation sector and the envi-
ronment (Figliozzi, 2020; Mokhtarian, 2004). 

Several studies have explored the impact of socio-economic, 

personal, and technology-related factors on e-commerce adoption with 
conflicting insights at times. Crocco et al. (2013) and Farag et al. (2007, 
2006a,b) found males are more likely to shop online whereas, Clemes 
et al. (2014), Ding and Lu (2017), Ren and Kwan (2009), Shi et al. 
(2019) had the opposite finding. A majority of the literature (Cao et al., 
2012; Clemes et al., 2014; Crocco et al., 2013; DE BLASIO, 2008; Ding 
and Lu, 2017; Farag et al., 2007, 2006a, 2005; Irawan and Wirza, 2015; 
Krizek et al., 2005; Lee et al., 2015; Zhou and Wang, 2014) found that 
older people are less likely to adopt e-commerce with only one con-
flicting study (Shi et al., 2019). Higher-income households are generally 
found to be more likely to shop online (Cao et al., 2013, 2012; Crocco 
et al., 2013; DE BLASIO, 2008; Dias et al., 2020; Farag et al., 2007, 
2006a, 2005; Lee et al., 2015; Schmid and Axhausen, 2019; Zhou and 
Wang, 2014) with contrasting results obtained by Farag et al. (2006b), 
Irawan and Wirza (2015), and Shi et al. (2019). The likelihood of 
shopping online was found to increase with education levels (Cao et al., 
2013, 2012; Clemes et al., 2014; DE BLASIO, 2008; Farag et al., 2007, 
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2006a; Krizek et al., 2005; Rotem-Mindali, 2010; Schmid and Axhausen, 
2019; Zhou and Wang, 2014) and with experience with internet usage, 
internet access, and being more tech-savvy (Cao et al., 2013, 2012; Ding 
and Lu, 2017; Farag et al., 2007, 2006b, 2005; Irawan and Wirza, 2015; 
Krizek et al., 2005; Lee et al., 2015; Ren and Kwan, 2009; Rotem- 
Mindali, 2010). Some of these effects are corelated. For example, 
households with higher levels of education often have better access to 
computers, smartphones, and internet (Schmid and Axhausen, 2019). 
Surprisingly, Irawan and Wirza (2015) found an increase in education 
levels to decrease the propensity to shop online. 

In terms of household composition, the likelihood of shopping online 
increases with a higher number of members with driving license, vehicle 
ownership (Irawan and Wirza, 2015), workers (Dias et al., 2020; Farag 
et al., 2006a, 2006b; Irawan and Wirza, 2015; Zhou and Wang, 2014), 
and children (Dias et al., 2020; Farag et al., 2006a). Household location - 
urban vs. suburban vs. rural- was also found to affect the likelihood of 
adopting e-commerce with studies showing conflicting results (Cao 
et al., 2013; DE BLASIO, 2008; Dias et al., 2020; Farag et al., 2007, 2005; 
Krizek et al., 2005; Shi et al., 2019; Zhou and Wang, 2014). Other factors 
that were found to affect e-commerce adoption include product type 
(Dias et al., 2020; Girard et al., 2003; Maat and Konings, 2018; Schmid 
and Axhausen, 2019; Zhai et al., 2017; Zhen et al., 2018, 2016) and 
online shopping experience and convenience (Clemes et al., 2014; Lee 
et al., 2015; Ramanathan, 2010). Recently Shamshiripour et al. (2020) 
show through a survey conducted in Chicago that 74% of the re-
spondents would rely on online shopping for groceries in the first few 
months post-pandemic compared to before COVID-19. Similar insights 
were obtained for food delivery. And the pandemic has highlighted 
preexisting inequities regarding access to home deliveries (Figliozzi and 
Unnikrishnan, 2021). 

The focus of this research is to conduct an exploratory, descriptive 
analysis to understand the impact of household, socio-economic, and 
technology usage related factors on home deliveries, with a particular 
focus on the effects of the COVID-19 pandemic. We conducted an online 
survey in the Portland-Vancouver-Hillsboro Oregon-Washington Metro 
Area. The survey asked questions on household and socio-demographic 
characteristics, technology usage, e-commerce factors, number of home 
deliveries made in 30 days before COVID-19, during COVID-19 lock-
down, and the number of home deliveries expected to make post- 
pandemic. This study differentiates itself from past works by focusing 
on factors affecting the number of deliveries made in a pandemic lock-
down and compares the effects to the pre-and post-pandemic setting. 
This research also looks at factors that increase the likelihood of a 
household shopping online for the first time during the pandemic. To the 
best of the authors’ knowledge, after an extensive literature review, the 
focus and contribution of this paper are novel. 

Data collection 

The data collection was limited to the Portland-Vancouver-Hillsboro 
Oregon-Washington Metro Area, which has a population of around 2.5 
million, with a total area of nearly 7000 square miles (Census Reporter, 
2020). Since the lockdown regulations, enforcement, and compliance 
varied widely, we decided to focus our efforts on a single urban area. The 
online survey was administered through the Qualtrics survey platform. 
The following demographic checks were enforced: (i) 40% representa-
tion of males or females, (ii) 20% representation in the three income 
levels of 0- $50,000, $50,000 - $100,000, and greater than $100,000, 
(iii) 20% representation in ages 18–19, 30–44, 45–64 and at least 8% of 
the respondents must be over the age of 65. We restricted the data 
collection to respondents above 18 years old only. 

Qualtrics administered the survey in the last week of May and the 
first week of June 2020, when the counties comprising the Metro area 
were either in Phase 1 reopening or being considered for Phase 1 
reopening (Oregon, 2020). Therefore, the respondents were still under 
lockdown. In May and June 2020, the unemployment rate in the Metro 
region was 14.0% and 11.8%, respectively. In comparison, the unem-
ployment rate in May and June 2019 was 3.4% and 3.8%, respectively 
(Bureau of Labor Statistics (BLS), 2020). Before the pandemic, the metro 
region’s economy experienced significant growth with a Gross Domestic 
Product (GDP) output of US $ 158.8 billion in 2018 (The Brookings 
Institute, 2019) and US $ 164.4 billion in 2019 (Portland Business 
Alliance, 2020). The Portland Metro region also experienced the third- 
highest median household income growth in the United States since 
2010. There were seven industries employing more than 100,000 
workers in the Metro region in 2019 – Education (186,350), Professional 
and Business Services (185,983), Healthcare and Social Assistance 
(155,550), Government (152,183), Manufacturing (131,517), Leisure 
and Hospitality (127,325), and Retail Trade (118,367) (Portland Busi-
ness Alliance, 2020). Since 2010, Manufacturing job growth in Portland 
was higher than that of the US’s manufacturing job growth, with 60% of 
the manufacturing spread across diverse sectors such as Aerospace, 
Metals, Machinery, and Semiconductors. Industries that produce trad-
able commodities that are exported and sold all over the world are 
responsible for approximately 45% of the regional GDP output (The 
Brookings Institute, 2019). These economic developments have resulted 
in interesting trends concerning traffic. In 2018 in Oregon, per capita 
truck vehicle miles traveled (VMT) was 2% higher than 2007 (pre- 
recession 2009) levels. However, while heavy truck VMT per capita is 
9% lower, medium truck VMT per capita is 20% higher than the 2007 
levels which is potentially the result of a higher growth in e-commerce 
and parcel deliveries (Dunn and Knudson, 2020). 

We eliminated respondents with inconsistent responses for the 
household sizes, number of workers, number of children, and elderly 
members. We also removed respondents who took less than three mi-
nutes to complete the survey. The final dataset used for the analysis had 
1015 responses. The survey focused on five types of questions:  

• Demographic information 
• Questions on familiarity with usage of computers, smartphone, lap-

tops, and access to delivery subscriptions;  
• Household characteristics;  
• E-commerce and house delivery products and service preferences; 

and  
• The number of home deliveries  

o made in 30 days before COVID-19 lockdown,  
o made in 30 days during the COVID-19 lockdown,  
o expected to make in 30 days once the pandemic is over. 

In three separate questions, we asked the respondents information on 
the number of times they purchased goods online and had them deliv-
ered to home. The questions are shown below: 

Fig. 1. Number of home deliveries in 30 days.  
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“In a typical month BEFORE COVID-19, how many times did you or 
members of your household purchase something online and have it 
delivered to your home?” 
“In the last 30 days, AFTER COVID-19 lockdown started, how many 
times did you or members of your household purchase something 
online and have it delivered to your home?” 
“Once the COVID-19 pandemic is over and commercial business re-
strictions are lifted, how many purchases with home delivery you or 
members of your household are expected to do in a typical month?” 

The respondents had to select between (i) 0, (ii) 1 to 2, (iii) 3 to 5, (iv) 
6 to 10, (v) More than 10. Fig. 1 shows the frequencies. 

The proportion of households making more than six deliveries in-
creases significantly during COVID-19 lockdown and is expected to 
move back to before COVID-19 levels once the pandemic is over. During 
COVID-19 and post-COVID-19 home deliveries are cross-tabulated with 
the before COVID-19 delivery levels. Fig. 2 and Fig. 3 provide the Sankey 
plots, and Tables 1 and 2 in Appendix B provide the cross-tabulation 
tables. Nearly two-thirds (63.4%) of the respondents who made 1 to 2 
home deliveries and more than half of the respondents (55.9%) who 

completed 3 to 5 home deliveries before COVID-19 made more home 
deliveries during COVID-19. In comparison, once the pandemic is over, 
it appears a good majority of respondents plan to go back to pre- 
pandemic levels with increases observed at a lower number of de-
livery levels. Nearly 60% of the respondents who made 1 to 2 home 
deliveries before COVID-19 will make the same level of home deliveries 
once the pandemic is over. Around 30% of respondents who made 1 to 2 
home deliveries before COVID-19 will make more home deliveries once 
the pandemic is over. Similarly, nearly 60% of the respondents who 
made no home deliveries before the COVID-19 pandemic will go back to 
making no home deliveries. Slightly more than 40% of those homes 
which made no home deliveries before COVID-19 will use online pur-
chases and deliveries in the post-pandemic world. 

The cross-tabulations also reveal strong positive correlations be-
tween the before pandemic and during pandemic, and pre-pandemic and 
post-pandemic home delivery numbers. To ensure adequate samples, we 
recoded the number of home deliveries made into three levels: (i) 0 to 2, 
(ii) 3 to 5, (ii) 6 and higher. 

Descriptive statistics of relevant demographic and household variables 

Appendix A Presents the questions used to elicit the relevant de-
mographic and household variables whose descriptive statistics are 
described in this section. Table 3 in Appendix B provide the descriptive 
statistics in tabular form. There is a good representation of all age and 
income categories. Nearly one-third of the respondents are between the 
ages of 30 and 44, and we have close to 150 respondents above the age of 
65. More than half of the respondents are from households making more 
than $ 50,000 annually (see Fig. 4). The age and income distribution are 
consistent with the median age of the metro at 38.4 and the median 
annual household income of $ 76,000 (Census Reporter, 2020). 

There is a fair distribution of respondents across various household 
sizes and the number of workers categories. Slightly more than three- 
fourths of the respondents do not have elders or children in the house-
hold. Nearly 18% of the households indicate the presence of a member 
with a disability. This number is higher as only around 8% of the pop-
ulation in Portland City below the age of 65 identified as disabled 
(United States Census Bureau, 2020) but the higher percentage is ex-
pected given that the responces are at the household level and the 
average household size is greater than two. Almost two-thirds of the 
respondents are from homes with 1 or 2 vehicles (see Fig. 4). 

The respondents are reasonably tech-savvy (see Fig. 5). Nearly 80% 
of the respondents spend more than 10 h per week on desktop, laptop, 
tablet, or smartphone and almost 70% of them subscribe to delivery 
services such as Amazon Prime or Instacart Express. In Oregon, 88% of 
the households have broadband access compared to the national average 
of 84%. In the Portland Metro region, the broadband access percentage 
is higher than 89% (Lehner, 2020). In Beaverton and Hillsboro city in 
the Portland Metro Region, over 96% of households had access to a 
computer at home (United States Census Bureau, 2020). We believe the 
computer savviness of the respondents is reflective of the population. 

A majority (nearly 55%) of the respondents are employed for pay or 
profit, with slightly more than 40% of the respondents employed full- 
time. Almost one-fifth of the respondents are retired, with a small per-
centage of students. Around 20% of the respondents have a work from 
home option (see Fig. 5). Before the pandemic, Oregon was ranked 
second in the nation in the percentage of employed who are working 
from home, with approximately 15% of employers offering tele-
commuting options (Lehner, 2020). The survey percentage is consistent 
with this statistic. 

Respondents were asked to indicate whether the cost of delivery, 
time of delivery, online experience, and health concerns are factors that 
impact online purchases (see Question 6 of Appendix A). A significant 
majority of the respondents indicated that these four factors affected 
their choice of purchasing online. For example, slightly more than 85% 
of the respondents stated health is a concern (see Fig. 6). 

Fig. 2. Sankey plot of before COVID-19 home deliveries and during COVID-19 
home deliveries. 

Fig. 3. Sankey plot of before COVID-19 and post-COVID-19 home deliveries.  
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Impact of Household, Demographic, and technology access 
variables on number of home deliveries 

This section uses ordered logit regression to test the impact of indi-
vidual variables on the number of home deliveries made (Agresti, 2012; 
Greene, 2018). We used the polr function from the MASS package in R 
(Ripley et al., 2020) to fit the ordered logit model. The dependent var-
iable chosen is: (i) the number of home deliveries in 30 days before 
COVID-19, (ii) the number of home deliveries made in 30 days during 
COVID-19 lockdown, (iii) the number of home deliveries expected to 
make in 30 days post-COVID-19 lockdown. The dependent variable was 
categorized into three levels (i) 0 to 2, (ii) 3 to 5, (ii) 6 or higher. We test 
the independent variables one by one. This study aims to do an 
exploratory analysis to get an overall picture of key trends and variables. 

More especifically, the focus is on comparing the individual effects of the 
household, demographic, and technology access related variables on the 
number of home deliveries made before, during, and post-COVID-19 
period. Table 4 of Appendix B provides the detailed table of the or-
dered logit model. Figs. 7 and 8 shows the ordered logit model’s co-
efficients for significant variables at 5% significance level. 

The propensity to make a higher number of home deliveries de-
creases with age. This result is consistent with several studies (Cao et al., 
2012; Clemes et al., 2014; Crocco et al., 2013; DE BLASIO, 2008; Ding 
and Lu, 2017; Farag et al., 2007, 2006a, 2005; Irawan and Wirza, 2015; 
Krizek et al., 2005; Lee et al., 2015; Zhou and Wang, 2014). However, 
elderly respondents are more likely to make more home deliveries 
during COVID-19 and post-COVID-19 compared to before COVID-19. 
The likelihood of making a higher number of home deliveries 

Fig. 4. Relative frequencies of personal and household characteristics.  
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increases with income. Higher-income respondents are more likely to 
make a greater number of home deliveries during COVID-19 compared 
to before COVID-19 and post-COVID-19. However, the likelihood of 
higher-income individuals making more home deliveries post-COVID-19 
is higher than before COVID-19 (see Fig. 7). 

Tech-savvy respondents are more likely to make a higher number of 
home deliveries. This result is consistent with the findings of past studies 
(Cao et al., 2013, 2012; Ding and Lu, 2017; Farag et al., 2007, 2006b, 
2005; Irawan and Wirza, 2015; Krizek et al., 2005; Lee et al., 2015; Ren 
and Kwan, 2009; Rotem-Mindali, 2010). Individuals who spent more 
time on desktops, laptops, tablets, or smartphones and individuals with 
a subscription to Amazon Prime or Instacart Express are more likely to 
purchase more online. Surprisingly, the propensity of tech-savvy in-
dividuals to make a higher number of home deliveries is higher during 
the post-COVID-19 period compared to the COVID-19 period, which in 

turn is higher than the before COVID-19 period. Therefore, people who 
spent more time on computers and have delivery company subscriptions 
are getting more comfortable shopping online (see Fig. 7). 

Time of delivery, cost of delivery, online experience, and health 
concern – all affect the propensity to make a higher number of home 
deliveries (see Fig. 7). Several studies have found good website design, 
customer service, and overall online experience to increase the pro-
pensity to shop online (Clemes et al., 2014; Lee et al., 2015; Ram-
anathan, 2010). The health concern is not significant for the before 
COVID-19 period but strongly significant in the COVID-19 period, 
which is expected. In the post-COVID-19 period, respondents with 
health concerns are more likely to make a higher number of home de-
liveries. However, the likelihood of making a higher number of home 
deliveries post-COVID-19 is lower compared to the COVID-19 lockdown 
period. 

Fig. 5. Relative frequencies of responses to technology-related questions and work related variables.  
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Respondents who are employed and work full-time are more likely to 
make a higher number of home deliveries. The likelihood increases from 
before COVID-19 to during COVID-19 to post-COVID-19 period. Retired 
respondents are less likely to make a higher number of home deliveries 
(see Fig. 7). 

The propensity to make more home deliveries increases with 
household size. Large household sizes were more likely to make a higher 
number of home deliveries in the before COVID-19 period. One possible 
reason could be that larger households had more people unemployed or 
reduced work, which meant they could use the time to shop at stores. 
The likelihood of making more home deliveries increases with the 
number of workers in the household. Farag et al. (2006a,b), Irawan and 
Wirza (2015), and Zhou and Wang (2014) also had similar insights. This 
likelihood increases in the COVID-19 period compared to the before 
COVID-19 period and then decreases marginally (see Fig. 8). 

The likelihood of making home deliveries increases with the number 
of children in the household. Surprisingly, the likelihood of households 
with two or more children making more home deliveries during COVID- 
19 was lower than before COVID-19 or post-COVID-19 period. One 
possible reason could be related to trip chaining related to school, work, 
and shopping that was not possible during the lockdown (see Fig. 8). The 
propensity for making more home deliveries increases with the number 
of vehicles owned by the household. This could be because vehicle count 
could be a proxy for income, and higher-income families are more likely 
to make more home delivery purchases. 

Fig. 6. Likelihood of concerns affecting the choice to purchase online.  

Fig. 7. Effect of demographic, technology, e-commerce, and work related variables.  
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The additional effect of household, socio-demographic, and 
technology access variables 

The number of home deliveries made before COVID-19 is the 
strongest predictor for the number of home deliveries made in 30 days 
during COVID-19 and post-pandemic. This is expected as households 
that made more online purchases before this pandemic are more likely to 
continue using home deliveries at the same or higher level during and 
after the pandemic. The results also reveal that variables such as income, 
hours per week utilizing a desktop, laptop, tablet, or smartphone, access 
to delivery services, health concern, and household-related character-
istics are correlated with the number of deliveries made in 30 days in all 
three time frames. This section aims to study the additional impact of 
household, socio-demographic, and technology-related variables 
considered in the previous section individually after controlling for the 
home delivery levels pre-pandemic. 

To do that, we run ordered logit regressions of (i) dependent vari-
able: number of deliveries made in 30 days during COVID-19 and in-
dependent variable: number of deliveries made in 30 days before 
COVID-19, (ii) dependent variable: number of deliveries made in 30 
days during COVID-19 and independent variables: number of deliveries 
made in 30 days before COVID-19 plus each of the household, socio- 
demographic, and technology-related variables introduced individu-
ally, (iii) dependent variable: number of deliveries made in 30 days post- 
COVID-19 and independent variable: number of deliveries made in 30 

days before COVID-19, (iv) dependent variable: number of deliveries 
made in 30 days post-COVID-19 and independent variables: number of 
deliveries made in 30 days before COVID-19 plus each of the household, 
socio-demographic, and technology-related variables introduced indi-
vidually. Note that discrete regression models that account for collin-
earity, endogeneity, and latent variables is outside the scope of this 
paper. This analysis aims to be a purely exploratory study that provides 
insights on the individual variable effects across the three time periods. 

We introduce the variables found significant in the previous section 
one by one and calculate the deviance. The deviance is twice the dif-
ference in the loglikelihood of the regression model with the number of 
deliveries made in 30 days before COVID-19 and the new variable as the 
independent variables (ii, iv) from the loglikelihood of the regression 
model, which contains the number of deliveries made in 30 days before 
COVID-19 as the only independent variable (i, iii). 

In general, the deviances for all variables in the post-COVID-19 
model is lower than the deviances for all variables in the COVID-19 
model (see Fig. 9). This indicates that the number of home deliveries 
made before COVID-19 is a stronger predictor for the post-COVID-19 
period than for the home deliveries made during the COVID-19 
period. We observed this in the cross-tabulations in Tables 1 and 2. 
For both periods, the most important variable is access to delivery 
subscription services. This makes sense as subscribers to Amazon Prime, 
Instacart Express, etc., are more likely to use the services. The second 
most important variable is income in both the models. 

Fig. 8. Effect of Household Related Variables.  
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Interestingly, the online experience is the third most important 
variable for the during COVID-19 model but not that important for the 
post-COVID-19 model. One possible reason could be that respondents 
expect to be comfortable using smartphone delivery apps and delivery 
company websites in the post-pandemic world because of their experi-
ence ordering online during COVID-19 lockdown. 

The number of workers in the household is the fourth most important 
variable in both models. Households with a higher number of workers 
are more likely to make more deliveries during COVID-19 and post- 
COVID-19 periods. The number of workers is more important than 
other household related variables, including household size, number of 
elders, and children. 

The hours per week spent on desktop, laptop, tablet, and smartphone 
is the third most important variable for the post-COVID-19 period. The 

significance of this variable is higher for the post-COVID-19 model than 
during COVID-19 model. One possible reason could be that in the post- 
COVID-19 world, only the more tech-savvy respondents intend to 
continue with online deliveries. Whereas during COVID-19 lockdown, 
more people, irrespective of their comfort level in using computers and 
smartphones, are making an effort to order online. Health concerns and 
delivery time are important factors for the COVID-19 model but not that 
important in post-COVID-19. 

Working full time is more critical for the post-COVID-19 model than 
during the COVID-19 model. One potential reason could be full-time 
working people are financially more secure and willing to pay more 
extra for home deliveries. They may also be busier and prefer to shop 
online so that the time saved can be used for work or other recreational 
activities. 

Fig. 9. Additional effect of household, socio-demographic, and technology access related variables.  
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While selecting key factors, the correlations among these variables 
have to be recognized (see Fig. 10). For example, one would expect 
strong positive correlations between access to delivery subscription 
services and income (p-value = 1.7× 10− 14), access to delivery sub-
scription services and hours per week utilizing computers and 

communication devices (p-value = 3.388× 10− 6), income and vehicle 
ownership (p-value = 2.2× 10− 16), household size and the number of 
workers (p-value = 2.2× 10− 16), etc. Therefore, while developing 
regression models, the correlations and endogenous effects between 
regressors’ should be considered and modeled appropriately. 

First time online shoppers 

In this section, we focus on respondents who indicated that they had 
zero deliveries in 30 days before COVID-19 and shopped online and 
made home deliveries during the COVID-19 period. From Table 1, 69 
respondents indicated that they made zero home deliveries in 30 days 
before COVID-19. Thirty five out of the 69 indicated that they ordered 
home deliveries during COVID-19 lockdown period. We created a new 
variable, which takes value 1 if a respondent who did not participate in 
online shopping before COVID-19 participated in online shopping dur-
ing COVID-19 period. A binary logit model was run, where each of the 
variables studied in section 4 was introduced one by one. Due to the low 
sample size, a large number of these variables were found to be insig-
nificant at 5% level. Fig. 11 shows the logit model coefficients for the 
variables which were found to be significant. 

Households with disabled members were most likely to be first time 
online shoppers due to COVID-19 lockdown. Respondents with delivery 
subscriptions were also more likely to shop online for the first time or the 

Fig. 10. Cross-tabulation between select variables.  

Fig. 11. Factors affecting first time online shoppers.  

Table 1 
Cross-tabulation of before COVID-19 home deliveries and during COVID-19 
home deliveries   

During COVID-19 

Before COVID-19 0 1–2 3–5 6–10 More than 10 
0 34 17 13 3 2 
1–2 27 133 192 75 11 
3–5 7 42 92 132 47 
6–10 2 2 15 50 34 
More than 10 0 2 9 4 69  

Table 2 
Cross-tabulation of before COVID-19 home deliveries and post-COVID-19 home 
deliveries   

Post-COVID-19 

Before COVID-19 0 1 to 2 3 to 5 6 to 10 More than 10 
0 42 20 5 1 1 
1 to 2 52 254 112 18 2 
3 to 5 17 66 170 55 12 
6 to 10 6 12 29 56 1 
More than 10 3 9 23 20 29  
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other way around because it is not possible to determine a direction of 
causality from the survey data. This is a surprising result. One possible 
explanation is that respondents who shopped online for the first time 
took delivery subscriptions before shopping online. The online experi-
ence is an important factor that increases the likelihood of a person 
engaging in online shopping for the first time. The results also show that 
people who are concerned about health are more likely to move to shop 
online for the first time during the pandemic. 

Discussion and policy insights 

Households that were more comfortable with online shopping before 
COVID-19 were more likely to order more home deliveries during 
COVID-19. In the post-COVID-19 period, a majority of the households 

are expected to revert to their original online shopping levels. However, 
a reasonable proportion of the households, which made less than three 
home deliveries per month before COVID-19, are expected to shop on-
line at a higher rate in the post-COVID-19 period. There is scope for 
companies like Amazon and Instacart to target these households. 

Time and cost of delivery are important factors affecting home de-
livery shopping decisions. Therefore, e-commerce businesses, home 
delivery companies should emphasize optimizing delivery routes to 
improve reliability and reduce cost. One possibility to reduce the de-
livery cost is to leverage the public transit services, which are experi-
encing reduced ridership for making deliveries. In Spring 2020, several 
transit agencies across the US, launched delivery service programs for 
groceries and prescriptions for vulnerable members of the population 
(Benedict et al., 2020). This could be expanded to provide a lower-cost 
delivery alternative. Another possibility is for delivery companies to 
have specifically targeted free delivery days for customers, such as 
Amazon Day (Amazon, 2021). This way, the delivery services can 
aggregate deliveries to certain areas and offer services at reduced costs. 

Elderly and retired respondents show an increased willingness to use 
home deliveries during COVID-19. However, they are less likely to use 
online shopping compared to the general population. Online experience 
and health concerns are important factors that increase the likelihood of 
more home deliveries. Online experience and health concerns also in-
crease the likelihood of a person shopping online for the first time during 
the pandemic. Companies like Alibaba are developing e-commerce in-
terfaces specifically customized to people over the age of 55 years (Chan, 
2018). There is scope for improving access to online shopping among the 
elderly and retired members of the population by developing intuitive 
and easy to use shopping and payment interfaces. Developing multi- 
lingual shopping interfaces may also help increase access to online 
shopping platforms among certain communities. 

The propensity to order online deliveries increases for higher in-
come, tech-savvy individuals who are comfortable using computers and 
smartphones. The lower-income population is less likely to shop online. 
However, the lower-income population is also disproportionately 
affected by COVID-19 from a health and economic perspective (Wad-
hera et al., 2020). Therefore, there is scope for e-commerce and online 
delivery platforms to adopt socially responsible policies for promoting 
home deliveries in lower-income neighborhoods. There is also the po-
tential for the government to incentivize home deliveries for grocery 
stores, restaurants, and other businesses located in lower-income areas 
and zip codes by adopting programs found effective in other settings. In 
Portland, Trimet, the transit agency, has a successful reduced fares 
program for low-income travelers. Home delivery services companies 
must be encouraged and incentivized to provide reduced delivery charge 
options for lower-income community members to access food, grocery, 
and prescription delivery services. Another possibility is the distribution 
of vouchers for home-delivery services and other alternative payment 
options. For example, several bike-share agencies offer subsidized 
membership and cash payment options to improve access. Similar pro-
grams must be developed for home delivery services also (Biketown, 
2021). 

Conclusions 

COVID-19 and associated lockdowns have affected every aspect of 
our lives. From a freight and shopping perspective, there has been a shift 
from a traditional brick-and-mortar shopping experience to online 
shopping and home deliveries. We conducted an online survey targeting 
the population in the Portland-Vancouver-Hillsboro Oregon-Washing-
ton Metro Area. The survey elicited responses on the number of home 
deliveries made, household and demographic characteristics, e-com-
merce and product preferences, and socio-demographic variables. 

There was a significant increase in home deliveries during the 
COVID-19 lockdown relative to the before COVID-19 period. Nearly 
two-thirds (63.4%) of the households making 1 to 2 home deliveries, and 

Table 3 
Descriptive statistics of relevant demographic and household variables.  

Variable Frequency Relative 
Frequency 

Variable Frequency Relative 
Frequency 

Age Income 
18-29 268 26.4 Less than 

30K 
257 25.3 

30-44 315 31.0 30K to 
49,999 

202 19.9 

45-64 284 28.0 50K to 
99,999 

272 26.8 

≥65 148 14.6 Greater 
than 
100K 

284 28.0  

Hours per week utilizing desktop, laptop, 
tablet or smartphone? 

Access to Delivery Subscription Service? 

0 to 10 
hours 

196 19.3 No 309 30.4 

10 to 25 
hours 

282 27.8 Yes 706 69.6 

25 to 40 
hours 

273 26.9    

More than 
40 
hours 

264 25.0     

Employed for pay or profit? Do you work full-time? 
No 462 45.5 No 600 59.1 
Yes 553 54.5 Yes 415 40.9  

Are you Retired? Are you a Student? 
No 837 82.5 No 945 93.1 
Yes 178 17.5 Yes 70 6.9  

Can you work from home? Presence of household member with 
disability? 

No 817 80.5 No 837 82.5 
Yes 198 19.5 Yes 178 17.5  

Household Size Number of workers in household 
1 205 20.2 0 217 21.4 
2 351 34.6 1 351 34.6 
3 173 17.0 2 346 33.6 
4 170 16.7 3 or 

higher 
106 10.4 

5 or 
higher 

116 11.4     

Number of elders Number of children 
0 774 76.3 0 785 77.3 
1 143 14.1 1 127 12.5 
2 or 

higher 
98 9.6 2 or 

higher 
103 10.1  

Vehicle 
Count      

0 93 9.2    
1 347 34.2    
2 375 36.9    
3 or 

higher 
200 19.7     
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Table 4 
Logit regression with individual variables.   

Before COVID-19 During COVID-19 Post-COVID-19 

Variable Coefficient P-value Coefficient P-value Coefficient P-value 

Age        
− 0.021 0.000 − 0.013 0.000 − 0.013 0.000 

Deviance 37.094 16.003 14.209     

Income       
30K to 49,999 0.367 0.042 0.590 0.000 0.400 0.027 
50K to 99,999 0.329 0.050 0.734 0.000 0.577 0.000 
Greater than 100K 0.854 0.000 1.306 0.000 1.182 0.000 
Deviance 27.778 65.60 53.569     

Hours per week utilizing desktop, laptop, tablet or smartphone?       
10 to 25 hours 0.283 0.112 0.580 0.000 0.552 0.002 
25 to 40 hours 0.343 0.056 0.642 0.000 0.710 0.000 
More than 40 hours 0.771 0.000 0.981 0.000 1.118 0.000 
Deviance 19.443 32.235 39.607     

Access to Delivery Subscription Service?       
Yes 1.377 0.000 1.461 0.000 1.491 0.000 
Deviance 99.632 125.948 115.872     

Cost of Delivery is a factor?       
Yes 0.544 0.002 0.804 0.000 0.796 0.000 
Deviance 9.422 23.131 19.746     

Time of Delivery is a factor?       
Yes 0.646 0.000 0.932 0.000 0.670 0.000 
Deviance 14.480 34.004 15.240     

Online experience is a factor?       
Yes 0.961 0.000 1.467 0.000 0.873 0.000 
Deviance 19.168 50.068 16.246     

Health concern is a factor?       
Yes 0.240 0.178 0.713 0.000 0.413 0.021 
Deviance 1.834 18.012 5.370     

Employed for pay or profit?       
Yes 0.344 0.004 0.441 0.000 0.492 0.000 
Deviance 8.284 14.231 17.042     

Do you work full− time?        
0.336 0.005 0.388 0.001 0.544 0.000 

Deviance 7.788 10.693 20.634     

Are you Retired?        
− 0.823 0.000 − 0.647 0.000 − 0.704 0.000 

Deviance 25.621 18.346 18.972     

Are you a Student?        
0.655 0.004 0.541 0.022 0.547 0.015 

Deviance 8.047 5.37 5.853     

Can you Work from Home?        
0.434 0.003 0.191 0.196 0.411 0.005 

Deviance 8.427  1.67  7.774   

Household Size       
2 0.415 0.018 0.6410 0.000 0.421 0.015 
3 0.661 0.001 0.726 0.000 0.830 0.000 
4 1.166 0.000 1.066 0.000 0.960 0.000 
5 or higher 1.424 0.000 1.126 0.000 1.189 0.000 
Deviance 59.174 40.90 42.422     

Number of workers in household       
1 0.595 0.000 0.691 0.000 0.636 0.000 
2 1.131 0.000 1.159 0.000 1.203 0.000 
3 or higher 1.093 0.000 1.154 0.000 1.068 0.000 
Deviance 49.688 57.21 54.695     

Number of elders≥65 years old        
1 − 0.528 0.002 − 0.488 0.003 − 0.420 0.016 
2 or higher − 0.540 0.012 − 0.599 0.002 − 0.780 0.003 
Deviance 13.912 15.837 17.358     

Number of children ≤ 12 years old        
1 0.347 0.053 0.088 0.621 0.144 0.416 
2 or higher 0.862 0.000 0.506 0.01 0.741 0.000 
Deviance 21.846 6.675 14.392     

Vehicle Count       

(continued on next page) 
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more than half of the households (55.9%) making 3 to 5 home deliveries 
before COVID-19 made more home deliveries during COVID-19. 
Comparing before COVID-19 home deliveries and the number of home 
deliveries expected to make post-pandemic, the trend is slightly 
different. A reasonable proportion of the households that made less than 
three deliveries per month before the pandemic will order more online 
post-pandemic. However, most respondents who actively participated in 
online shopping before the pandemic, and increased their deliveries 
during the pandemic lockdown, are expected to revert back to the 
original numbers post-pandemic. In general, households that shopped 
online before the COVID-19 are more likely to order more during the 
pandemic. 

Health concerns positively increase the likelihood of ordering online 
during the pandemic. The likelihood of tech-savvy individuals making a 
higher number of home deliveries is higher during the post-COVID-19 
period than the COVID-19 period, which is higher than the before 
COVID-19 period. Respondents who work full-time and have work from 
home options are more likely to make a higher number of home de-
liveries. This likelihood increases from before COVID-19 to COVID-19 to 
the post-pandemic period. Households with more number of workers are 
more likely to make more home deliveries. This likelihood increases 
from before COVID-19 to during COVID-19 period and then decreases 
slightly during the post-pandemic. 

The research also looked at factors that increase the likelihood of a 
person shopping online for the first time during the COVID-19 
pandemic. Households with disabled members and with one worker 
are more likely to be first-time online shoppers. People who are con-
cerned about online experience and health issues are also more likely to 
be first-time online shoppers during the pandemic. It is likely that some 
first-time online shoppers acquire a delivery subscription since this 
variable was also significant. 

This research can be extended in multiple ways. The survey can be 
extended to other regions in the US, covering rural regions. Another 
possible extension is conducting the study in the Portland-Vancouver- 
Hillsboro Oregon-Washington Metro Area every six months and 
comparing responses. This study also provides the foundation for the 
estimation of more complex models that can deal with correlations and 
endogeneity issues among the analyzed variables. 
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Appendix A Survey Questions  

1. What is your age?  
2. What is your gender?  

• Male  
• Female  
• Other  

3. Which category represents your household income before taxes 
for the last year (2019 income)?  
• Less than $10,000  
• $ 10,000 to $ 29,999  
• $ 30,000 to $ 49,999  
• $ 50,000 to $ 99,999  
• Greater than $ 100,000  

4. How many hours do you spend per week utilizing a desktop, 
laptop, tablet, or smartphone?  
• 0 to 3 hrs  
• 3 to 10 hrs  
• 10 to 25 hrs  
• 25 to 40 hrs  
• More than 40 hrs  

5. Do you or members of the household have free delivery service 
subscription such as Amazon Prime, Instacart Express, or any 
other delivery service?  
• Yes  
• No  

6. When deciding between purchasing at a physical store or 
ordering online for a home delivered product, what factors are 
most important? For each factor assign a number ranging from 
0 to 5, assign 0 if a factor is not relevant and 5 for the most 
important factor(s).  
• Home delivery cost  
• Home delivery time  
• Easy online experience  
• Personal health and safety concerns  

7. Do you currently work for pay or profit?  
• Yes  
• No  

8. What best describes your current situation?  
• Homemaker  
• Student  
• Unemployed before COVID-19  
• Temporarily unemployed or furloughed after COVID-19  
• Retired  

9. Do you work full-time or part-time at your primary job?  
• Full-time  
• Part-time  

10. Before COVID-19 stay at home orders, how many days per week, 
did you usually work from home?  
• 0  
• 1  
• 2  
• 3  
• 4 or more 

Table 4 (continued )  

Before COVID-19 During COVID-19 Post-COVID-19 

Variable Coefficient P-value Coefficient P-value Coefficient P-value 

1 0.627 0.01 0.423 0.048 0.311 0.181 
2 0.998 0.000 1.035 0.000 0.846 0.000 
3 or higher 1.335 0.000 1.294 0.000 1.006 0.000 
Deviance 35.924 50.861 32.229     

Presence of household member with disability?        
0.228 0.136 0.158 0.303 0.339 0.026  
2.202  1.062  4.893   
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11. What is the size of your household?  
• 1  
• 2  
• 3  
• 4  
• 5 or higher  

12. How many members of your household work?  
• 0  
• 1  
• 2  
• 3  
• 4 or higher  

13. How many members of your household are 65 years or older?  
• 0  
• 1  
• 2  
• 3  
• 4 or higher  

14. How many members of your household are 12 years or younger?  
• 0  
• 1  
• 2  
• 3  
• 4 or higher  

15. Do you or any of the members of the household have any 
disability or chronic health conditions that require assistance?  
• Yes  
• No  

16. How many vehicles does your household own or lease?  
• 0  
• 1  
• 2  
• 3  
• 4 or higher 

Appendix B  

References 

Abdullah, M., Dias, C., Muley, D., Shahin, M.D., 2020. Exploring cavior and mode 
preferences. Transport. Res. Interdiscipl. Perspect. 8, 100255. https://doi.org/ 
10.1016/j.trip.2020.100255. 

Agresti, A., 2012. Categorical Data Analysis. John Wiley, 3rd Edition, Hoboken, NJ, USA. 
Amazon, Amazon Day Delivery Available at: https://www.amazon.com/b? 

ie=UTF8&node=17928921011 2021 Last Accessed: February 2021. 
Beck, M.J., Hensher, D.A., 2020a. Insights into the impact of Covid-19 on household 

travel, working, activities and shopping in Australia-the early days under 
restrictions. Transp. Policy 96, 76–93. 

Beck, M.J., Hensher, D.A., 2020b. Insights into the impact of Covid-19 on household 
travel, working, activities and shopping in Australia-the early days under 
restrictions. Transp. Policy. https://doi.org/10.1016/j.tranpol.2020.08.004. 

Benedict, A., Shurna, M.L., and Hansen, T., 2020. Case Study: National Review of Public 
Transit COVID-19 delivery programs. Available at: https://learn.sharedusemobili 
tycenter.org/casestudy/covid-19-national-review-of-public-transit-food-delivery-pro 
grams/, Last Accessed: February 2020. 

Biketown, Biketown for all Available at: https://www.biketownpdx.com/pricing/biket 
own-for-all 2021 Last Accessed: February 2021. 

Bureau of Labor Statistics (BLS) Economy at a glance – Portland-Vancouver-Hillsboro: 
OR-WA Available at: https://www.bls.gov/eag/eag.or_portland_msa.htm 2020 Last 
Accessed: February 2021. 

Cao, Xinyu Jason, Xu, Zhiyi, Douma, Frank, 2012. The interactions between e-shopping 
and traditional in-store shopping: an application of structural equations model. 
Transportation 39 (5), 957–974. 

Cao, Xinyu (Jason), Chen, Qian, Choo, Sangho, 2013. Geographic distribution of e- 
shopping: application of structural equation models in the Twin Cities of Minnesota. 
Transp. Res. Rec. 2383 (1), 18–26. 

Census Reporter, 2020. Portland-Vancouver-Hillsboro, OR-WA Metro Area. Available at” 
https://censusreporter.org/profiles/31000US38900-portland-vancouver-hillsbor 
o-or-wa-metro-area/, Last Accessed: July 2020. 

Chan, T. F., 2018. Forget millennials — Alibaba is swooping in on a surprising consumer 
market in China that’s already 222 million strong. Available at: https://www.bus 

inessinsider.com/alibaba-targets-senior-citizen-consumers-2018-2, Last Access: 
February, 2021. 

Clemes, Michael D., Gan, Christopher, Zhang, Junli, 2014. An empirical analysis of 
online shopping adoption in Beijing, China. J. Retail. Consum. Serv. 21 (3), 364–375. 

CNBC. 2020. Coronavirus is making grocery delivery services like Instacart really 
popular and they might be here to stay, https://www.cnbc.com/2020/05/13/cor 
onavirus-making-grocery-delivery-services-like-instacart-popular.html Last 
Accessed: July 2020. 

Crocco, F., Eboli, L., Mazzulla, G., 2013. Individual attitudes and shopping mode 
characteristics affecting the use of e-shopping and related travel. Transp. 
Telecommun. J. 14 (1), 45–56. 

De Blasio, GUIDO, 2008. Urban–rural differences in internet usage, e-commerce, and e- 
banking: evidence from Italy. Growth and change 39 (2), 341–367. 

De Vos, J., 2020. The effect of COVID-19 and subsequent social distancing on travel 
behavior. Transportation Research Interdisciplinary Perspectives, p.100121. 

Dias, Felipe F., Lavieri, Patricia S., Sharda, Shivam, Khoeini, Sara, Bhat, Chandra R., 
Pendyala, Ram M., Pinjari, Abdul R., Ramadurai, Gitakrishnan, Srinivasan, Karthik 
K., 2020. A comparison of online and in-person activity engagement: the case of 
shopping and eating meals. Transport. Res. Part C Emerg. Technol. 114, 643–656. 

Ding, Yu, Lu, Huapu, 2017. The interactions between online shopping and personal 
activity travel behavior: an analysis with a GPS-based activity travel diary. 
Transportation 44 (2), 311–324. 

B. Dunn B. Knudson 2020 Statewide congestion overview 2020 Oregon Department of 
Transportation Technical Report Available at: https://www.oregon.gov/odot/Pla 
nning/Documents/CongestionOverview_09_10_2020.pdf. 

Emarketer. 2020. US Ecommerce Will Rise 18% in 2020 amid the Pandemic. 
https://www.emarketer.com/content/us-ecommerce-will-rise-18-2020-amid-pande 
mic?ecid=NL1001 (Accessed: July 5, 2020). 

Farag, Sendy, Schwanen, Tim, Dijst, Martin, 2005. Empirical investigation of online 
searching and buying and their relationship to shopping trips. Transp. Res. Rec. 1926 
(1), 242–251. 

Farag, Sendy, Krizek, Kevin J., Dijst, Martin, 2006a. E-shopping and its relationship with 
in-store shopping: empirical evidence from the netherlands and the USA. Transport 
Reviews 26 (1), 43–61. 

Farag, Sendy, Weltevreden, Jesse, van Rietbergen, Ton, Dijst, Martin, van Oort, Frank, 
2006b. E-shopping in the Netherlands: does geography matter? Environ. Plann. B 
Plann. Design 33 (1), 59–74. 

Farag, Sendy, Schwanen, Tim, Dijst, Martin, Faber, Jan, 2007. Shopping online and/or 
in-store? A structural equation model of the relationships between e-shopping and 
in-store shopping. Transport. Res. Part A Policy Pract. 41 (2), 125–141. 

Figliozzi, M.A., 2020. Carbon emissions reductions in last mile and grocery deliveries 
utilizing autonomous vehicles. Transport. Res. D Transp. Environ. 85, 102443. 

Figliozzi, M.A, Unnikrishnan, A., 2021, Factors Affecting Home Deliveries Before and 
During COVID-19 Lockdown: Accessibility, Environmental Justice, Equity, and 
Policy Implications, Transportation Research Part D: Transport and Environment. 

Girard, T., Korgaonkar, P., Silverblatt, R., 2003. Relationship of type of product, 
shopping orientations, and demographics with preference for shopping on the 
Internet. J. Bus. Psychol. 18 (1), 101–120. 

Greene, W.H., 2018. Econometric Analysis, 8th Edition. Pearson, New York USA.  
Grida, Mohamed, Mohamed, Rehab, Zaied, Abdel Nasser H., 2020. Evaluate the impact 

of COVID-19 prevention policies on supply chain aspects under uncertainty. 
Transport. Res. Interdiscipl. Perspect. 8, 100240. https://doi.org/10.1016/j. 
trip.2020.100240. 

Irawan, M.Z., Wirza, E., 2015. Understanding the effect of online shopping behavior on 
shopping travel demand through structural equation modeling. J. Eastern Asia Soc. 
Transport. Stud. 11, 614–625. 

Jenelius, Erik, Cebecauer, Matej, 2020. Impacts of COVID-19 on public transport 
ridership in Sweden: Analysis of ticket validations, sales and passenger counts. 
Transport. Res. Interdiscipl. Perspect. 8, 100242. https://doi.org/10.1016/j. 
trip.2020.100242. 

Katrakazas, Christos, Michelaraki, Eva, Sekadakis, Marios, Yannis, George, 2020. 
A descriptive analysis of the effect of the COVID-19 pandemic on driving behavior 
and road safety. Transport. Res. Interdiscipl. Perspect. 7, 100186. https://doi.org/ 
10.1016/j.trip.2020.100186. 

Krizek, Kevin J., Li, Yi, Handy, Susan L., 2005. Spatial attributes and patterns of use in 
household-related information and communications technology activity. Transp. 
Res. Rec. 1926 (1), 252–259. 

Lee, Richard J., Sener, Ipek N., Handy, Susan L., 2015. Picture of online shoppers: 
Specific focus on Davis, California. Transport. Res. Rec. 2496 (1), 55–63. 

Lehner, J., 2020. Working from Home, and Broadband Access in Oregon. Oregon Office 
of Economic Analysis Report. Available at: https://oregoneconomicanalysis.files.wo 
rdpress.com/2020/07/working-from-home-july-2020.pdf, Last Accessed: February 
2021. 

Loske, Dominic, 2020. The impact of COVID-19 on transport volume and freight capacity 
dynamics: an empirical analysis in German food retail logistics. Transport. Res. 
Interdiscipl. Perspect. 6, 100165. https://doi.org/10.1016/j.trip.2020.100165. 

Maat, Kees, Konings, Rob, 2018. Accessibility or innovation? store shopping trips versus 
online shopping. Transp. Res. Rec. 2672 (50), 1–10. 

Mogaji, E., 2020. Impact of COVID-19 on transportation in Lagos, Nigeria. 
Transportation Research Interdisciplinary Perspectives, p.100154. 

Mokhtarian, Patricia L., 2004. A conceptual analysis of the transportation impacts of B2C 
e-commerce. Transportation 31 (3), 257–284. 

Monmousseau, Philippe, Marzuoli, Aude, Feron, Eric, Delahaye, Daniel, 2020. Impact of 
Covid-19 on passengers and airlines from passenger measurements: managing 
customer satisfaction while putting the US Air Transportation System to sleep. 

A. Unnikrishnan and M. Figliozzi                                                                                                                                                                                                           

https://doi.org/10.1016/j.trip.2020.100255
https://doi.org/10.1016/j.trip.2020.100255
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0020
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0020
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0020
https://doi.org/10.1016/j.tranpol.2020.08.004
https://learn.sharedusemobilitycenter.org/casestudy/covid-19-national-review-of-public-transit-food-delivery-programs/
https://learn.sharedusemobilitycenter.org/casestudy/covid-19-national-review-of-public-transit-food-delivery-programs/
https://learn.sharedusemobilitycenter.org/casestudy/covid-19-national-review-of-public-transit-food-delivery-programs/
https://www.biketownpdx.com/pricing/biketown-for-all
https://www.biketownpdx.com/pricing/biketown-for-all
https://www.bls.gov/eag/eag.or_portland_msa.htm
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0045
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0045
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0045
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0050
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0050
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0050
https://censusreporter.org/profiles/31000US38900-portland-vancouver-hillsboro-or-wa-metro-area/
https://censusreporter.org/profiles/31000US38900-portland-vancouver-hillsboro-or-wa-metro-area/
https://www.businessinsider.com/alibaba-targets-senior-citizen-consumers-2018-2
https://www.businessinsider.com/alibaba-targets-senior-citizen-consumers-2018-2
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0065
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0065
https://www.cnbc.com/2020/05/13/coronavirus-making-grocery-delivery-services-like-instacart-popular.html
https://www.cnbc.com/2020/05/13/coronavirus-making-grocery-delivery-services-like-instacart-popular.html
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0075
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0075
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0075
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0080
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0080
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0090
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0090
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0090
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0090
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0095
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0095
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0095
https://www.oregon.gov/odot/Planning/Documents/CongestionOverview_09_10_2020.pdf
https://www.oregon.gov/odot/Planning/Documents/CongestionOverview_09_10_2020.pdf
https://www.emarketer.com/content/us-ecommerce-will-rise-18-2020-amid-pandemic%3fecid%3dNL1001
https://www.emarketer.com/content/us-ecommerce-will-rise-18-2020-amid-pandemic%3fecid%3dNL1001
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0110
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0110
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0110
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0115
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0115
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0115
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0120
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0120
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0120
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0125
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0125
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0125
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0130
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0130
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0140
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0140
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0140
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0145
https://doi.org/10.1016/j.trip.2020.100240
https://doi.org/10.1016/j.trip.2020.100240
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0155
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0155
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0155
https://doi.org/10.1016/j.trip.2020.100242
https://doi.org/10.1016/j.trip.2020.100242
https://doi.org/10.1016/j.trip.2020.100186
https://doi.org/10.1016/j.trip.2020.100186
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0170
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0170
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0170
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0175
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0175
https://oregoneconomicanalysis.files.wordpress.com/2020/07/working-from-home-july-2020.pdf
https://oregoneconomicanalysis.files.wordpress.com/2020/07/working-from-home-july-2020.pdf
https://doi.org/10.1016/j.trip.2020.100165
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0190
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0190
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0205
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0205


Transportation Research Interdisciplinary Perspectives 10 (2021) 100402

14

Transport. Res. Interdiscipl. Perspect. 7, 100179. https://doi.org/10.1016/j. 
trip.2020.100179. 

Oregon, 2020. Phase 1: The first reopening stage, by county. Available at: 
https://govstatus.egov.com/reopening-oregon#phase1, Last Accessed, July 2020. 

Parady, Giancarlos, Taniguchi, Ayako, Takami, Kiyoshi, 2020. Travel behavior changes 
during the COVID-19 pandemic in Japan: analyzing the effects of risk perception and 
social influence on going-out self-restriction. Transport. Res. Interdiscipl. Perspect. 
7, 100181. https://doi.org/10.1016/j.trip.2020.100181. 

Portland Business Alliance 2020 Value of Jobs State of the Economy Available at: 
https://portlandalliance. 
com/assets/pdfs/economic-reports/2020-VOJ-State-of-Economy-WEB.pdf 2020 Last 
Accessed: February 2021. 

Ramanathan, Ramakrishnan, 2010. The moderating roles of risk and efficiency on the 
relationship between logistics performance and customer loyalty in e-commerce. 
Transport. Res. E Logist. Transport. Rev. 46 (6), 950–962. 

Ren, Fang, Kwan, Mei-Po, 2009. The impact of geographic context on e-shopping 
behavior. Environ. Plann. B Plann. Design 36 (2), 262–278. 

Ripley, B., Venables, B, Bates, D.M., Hornik, K., Gebhardt, A., and Firth, D., 2020. 
Package ‘MASS.’ Available at: https://cran.r-project.org/web/packages/MASS 
/MASS.pdf. 

Rotem-Mindali, Orit, 2010. E-tail versus retail: the effects on shopping related travel 
empirical evidence from Israel. Transp. Policy 17 (5), 312–322. 

Schmid, Basil, Axhausen, Kay W., 2019. In-store or online shopping of search and 
experience goods: a hybrid choice approach. J. Choice Modell. 31, 156–180. 

Shamshiripour, Ali, Rahimi, Ehsan, Shabanpour, Ramin, Mohammadian, Abolfazl 
(Kouros), 2020. How is COVID-19 reshaping activity-travel behavior? Evidence from 
a comprehensive survey in Chicago. Transport. Res. Interdiscipl. Perspect. 7, 
100216. https://doi.org/10.1016/j.trip.2020.100216. 

Shi, Kunbo, De Vos, Jonas, Yang, Yongchun, Witlox, Frank, 2019. Does e-shopping 
replace shopping trips? Empirical evidence from Chengdu, China. Transport. Res. 
Part A Policy Pract. 122, 21–33. 

Sobieralski, J.B., 2020. COVID-19 and airline employment: Insights from historical 
uncertainty shocks to the industry. Transportation Research Interdisciplinary 
Perspectives, p.100123. 

The Brookings Institute (2019). Portland Economic Value Atlas Market Scan. Available 
at: https://www.brookings.edu/wp-content/uploads/2019/05/2019.05.21_ 
Brookings-Metro_Portland_Market-Scan.pdf , Last Accessed: February 2021. 

United States Census Bureau Quick Facts Available at: https://www.census.gov/quick 
facts/fact/table/US/PST045219 2020 Last Accessed: February 2021. 

Wadhera, R.K., Wadhera, P., Gaba, P., Figueroa, J.F., Maddox, K.E.J., Yeh, R.W., 
Shen, C., 2020. Variation in COVID-19 hospitalizations and deaths across New York 
City boroughs. J. Am. Med. Assoc. Res. Lett. 323 (21), 2192–2195. https://doi.org/ 
10.1001/jama.2020.7197. 

Zhai, Qing, Cao, Xinyu, Mokhtarian, Patricia L., Zhen, Feng, 2017. The interactions 
between e-shopping and store shopping in the shopping process for search goods and 
experience goods. Transportation 44 (5), 885–904. 

Zhen, Feng, Cao, Xinyu (Jason), Mokhtarian, Patricia L., Xi, Guangliang, 2016. 
Associations between online purchasing and store purchasing for four types of 
products in Nanjing, China. Transport. Res. Rec. 2566 (1), 93–101. 

Zhen, Feng, Du, Xiaojuan, Cao, Jason, Mokhtarian, Patricia L., 2018. The association 
between spatial attributes and e-shopping in the shopping process for search goods 
and experience goods: evidence from Nanjing. J. Transp. Geogr. 66, 291–299. 

Zhou, Yiwei, Wang, Xiaokun (Cara), 2014. Explore the relationship between online 
shopping and shopping trips: an analysis with the 2009 NHTS data. Transport. Res. A 
Policy Pract. 70, 1–9. 

A. Unnikrishnan and M. Figliozzi                                                                                                                                                                                                           

https://doi.org/10.1016/j.trip.2020.100179
https://doi.org/10.1016/j.trip.2020.100179
https://govstatus.egov.com/reopening-oregon%23phase1
https://doi.org/10.1016/j.trip.2020.100181
https://portlandalliance.com/assets/pdfs/economic-reports/2020-VOJ-State-of-Economy-WEB.pdf+2020
https://portlandalliance.com/assets/pdfs/economic-reports/2020-VOJ-State-of-Economy-WEB.pdf+2020
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0230
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0230
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0230
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0235
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0235
https://cran.r-project.org/web/packages/MASS/MASS.pdf
https://cran.r-project.org/web/packages/MASS/MASS.pdf
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0245
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0245
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0250
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0250
https://doi.org/10.1016/j.trip.2020.100216
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0260
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0260
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0260
https://www.census.gov/quickfacts/fact/table/US/PST045219
https://www.census.gov/quickfacts/fact/table/US/PST045219
https://doi.org/10.1001/jama.2020.7197
https://doi.org/10.1001/jama.2020.7197
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0285
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0285
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0285
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0290
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0290
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0290
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0295
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0295
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0295
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0300
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0300
http://refhub.elsevier.com/S2590-1982(21)00109-3/h0300

	Exploratory analysis of factors affecting levels of home deliveries before, during, and post- COVID-19
	Introduction
	Data collection
	Descriptive statistics of relevant demographic and household variables

	Impact of Household, Demographic, and technology access variables on number of home deliveries
	The additional effect of household, socio-demographic, and technology access variables
	First time online shoppers
	Discussion and policy insights
	Conclusions
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Appendix A Survey Questions
	Appendix B
	References


