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Abstract: This present research examines the behavioral intentions of Filipinos to use online grocery
applications during the novel COVID-19 pandemic. The study proposes an integration of the health
belief model (HBM) and the Unified Theory of Acceptance and Use of Technology (UTAUT2) to
identify the factors affecting the acceptance and usage of Filipinos of online grocery applications in
terms of the impact of health risk for COVID-19. To accurately measure the factors and their relation-
ship to behavioral intentions and usage behavior, a questionnaire was developed and distributed to
373 residents in the Philippines. Partial least squares structural equation modeling (PLS-SEM) was
applied as an analytical method for this study. The results revealed that performance expectancy,
perceived benefits, perceived severity, and cues to action significantly influenced the behavioral
intentions and usage of online grocery apps during the COVID-19 pandemic. The study’s findings
can be utilized as a theoretical framework for future researchers of consumer behavior; e-commerce
developers; and grocery industry retailers, to enhance the innovation and services of online grocery
applications. The results of this study may also be used and capitalized on by investors and managers
to apply in strategizing when developing and marketing online grocery applications among con-
sumers. Moreover, the framework of this study may be adopted and utilized by other online markets,
even in different counties. Further theoretical and practical aspects are discussed in this paper.

Keywords: online grocery applications; UTAUT2; health belief model; structural equation modeling

1. Introduction

In the recent decade, electronic commerce and online retailing have unquestionably
happened to be essential components of the global retail landscape. Such as various
other businesses, the retail scene has changed dramatically with the advent of the internet.
The number of digital buyers proliferates worldwide as internet access and adoption rise
rapidly, leading to online shopping increasing year after year [1]. One of the most popular e-
commerce activities worldwide is online shopping, with global e-commerce sales expected
to surpass 3.5 trillion dollars in 2019. According to Chevalier [2], over two billion people
will have made online purchases in 2020, with global e-commerce earnings exceeding
$4.2 trillion. Mobile shopping is also trendy in Asia, given the region’s growing digital
development. With that, international retailers have been catching up on online retailing
sales [1]. One of the online markets is the food sector, which has been trying to penetrate
the market by providing online groceries.
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Food and groceries are some of the less established industries for online retailing. This
industry accounts for only 5% of total consumption compared to 18.9% of apparel and 10%
of homeware purchases in the digital market [3]. Several factors can account for the weak
attributes of the digital market of food and groceries. According to the food marketing
institute (FMI) survey, online grocery apps are not that widely used compared to other
online retailing apps because customers want to touch and see the foods they purchase.
Customers find online grocery delivery times and delivery methods inconvenient [4].

In addition, Saunders [5] explained how consumers believe that shopping for food
online is more complicated than physical purchases. Therefore, the food sector has been
imperceptive in creating an online service or application compared to other retail industries.
However, food retailers were forced to adapt quickly to online services due to the COVID-
19 pandemic, which changed consumer habits and took a definite online turn to buy
necessities, even groceries.

According to Alaimo [6], the COVID-19 pandemic boosted food hoarding and food
shopping over the internet. The pandemic led people to purchase items and food online to
follow government-implemented rules such as social distancing and lockdowns, which
led to the increase of e-commerce. Customers buy online to guarantee they will receive
the needs they desire rather than risking contracting COVID-19 infection at the point of
retail. Purchasing items online has become a requirement for the community due to the
COVID-19 pandemic. According to Saunders [5], by 2022, online sales will likely account
for more than 10% of all supermarket sales and propel the market to higher growth in the
coming years.

In the Philippines, online groceries have become a vital component for customer’s
since they provide a safer means to procure basic needs in the household. Since traditional
retail stores are potential super-spreaders of the virus, numerous supermarket chains
and third-party marketplaces have entered the e-commerce landscape [7]. As a newly
established e-store, online grocery stores have a lot to improve on in terms of services,
especially as the competition among different brands increases [8]. Various brands such as
MetroMart, LazMart, SM Supermarkets, WalterMart, Pushkart PH, Landers, and others
have started establishing their names in online grocery applications in the country [9]. As
food retailers consistently expand the readiness of groceries on e-commerce platforms,
major markets have started to focus on improving the quality of online groceries due to
their high profitability, which benefits both customers and retailers. The companies need
to have the best online services as their competitive advantage. Thus, it is important to
understand digital consumers’ motivations and behavioral intentions to adapt their brands
and services.

This is the first study to investigate the issue of online grocery acceptance and usage
among Filipino consumers during the COVID-19 pandemic. The findings of this study
can be used as a theoretical framework for future researchers of consumer behavior; e-
commerce developers; and retailers of the grocery industry, to enhance the innovation and
services of online grocery applications. The results of this study may also be used and
capitalized on by investors and managers to apply when strategizing, developing, and
marketing with regard to online grocery consumers. Moreover, the framework of this study
may be adopted and utilized by other online markets, even in different counties.

2. Review of Related Literature
2.1. Technology Acceptance Model (TAM)

Several academic works of literature covered behavioral intentions and the use of
online groceries worldwide. One is the technology acceptance model (TAM), developed by
Davis in 1989 [10]. According to the model, the perceived ease of use and usefulness of a
technological tool determines the extent of consumer acceptance. In Thailand, Driediger
and Bhatiasevi [11] proposed an extension of the technology acceptance model (TAM) to
understand the factors that determine whether online grocery shopping is accepted or
rejected. Factors considered in the study include subjective norm, risk perception, fun and
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enjoyment, and visibility. The result showed a statistically significant link between these
factors and consumers’ online grocery buying acceptability in Thailand. A similar study
was performed in Malaysia to investigate the customer intention to shop for groceries
online. Five factors of extended TAM were used, such as perceived usefulness, ease of use,
risk, visibility, and social influence. In the study, the most critical factor impacting consumer
purchase intention in online grocery shopping was social influence, while perceived ease of
use was insignificant [12].

Moreover, in Europe, Bauerova and Klepek [13] employed TAM in the online grocery
industry based on the premise that buyers see online grocery buying as a system interaction.
According to the findings, perceived utility and convenience of use directly impact online
grocery behavioral intentions. Therefore, they play a critical role in generating great
interest in buying food online. The technology acceptance model (TAM) developed by
Davis [10] is one of the most significant technology-adoption models. According to this
model, a person’s willingness to use new technology is influenced by two significant factors:
perceived usefulness and perceived ease of use [14]. However, a more advantageous model
that may be utilized for new technology such as online grocery applications is the UTAUT2.

2.2. Unified Theory of Acceptance and Use of Technology (UTAUT2)

According to Ul-Ain et al. [15], the Unified Theory of Acceptance and Use of Tech-
nology (UTAUT2) framework combines four existing constructs from the UTAUT model:
expectations of performance; effort; social influence; and facilitating conditions. Three
additional constructs, such as hedonic motivation, price value, and habit, were added as
indicators of behavioral intentions and use behavior by Venketesh et al. [16]. Different
studies utilized the UTAUT2 model to analyze the behavioral intentions and usage of
online applications, such as online grocery applications.

In Belgium, Van Droogenbroeck and Van Hove [17] validated the UTAUT2 in the
context of online grocery buying and expanded it with four constructs: perceived risk,
perceived time pressure, perceived in-store shopping delight, and innovativeness. The
study showed that perceived time pressure and innovativeness are identified drivers of be-
havioral intentions to use e-grocery services. Another study in Mauritius used the UTAUT2
model to investigate the behavioral intentions of consumers to adopt online groceries by
integrating perceived risk and perceived trust as added indicators. Contrary to the findings
of other studies, social influence, effort expectancy, facilitating conditions, perceived trust,
and perceived risk did not prove to have a significant influence on Mauritian behavioral
intentions to use online groceries [18]. However, the results from the case studies from one
country to another may differ due to different situations such as culture, infrastructure,
and any other external dimensions that may change the consumers’ perception.

2.3. Health Belief Model (HBM)

Numerous studies have used the basic model of acceptance with regard to new
technologies. However, health-driven theories must also be considered to advance the
theoretical research on consumer behavior, particularly during the COVID-19 pandemic.
One of the most popular models for understanding consumers’ health behaviors is the
health belief model (HBM).

According to the health belief model, the possibility of an individual choosing a
recommended health activity or action is influenced by their belief in the effectiveness of
the guided health activity or action and their own perceived risk of illness or disease [19].
During this COVID-19 pandemic, several studies have employed the health belief model to
determine consumers’ health behaviors. One example is a study conducted in Singapore by
Chua et al. [20], in which HBM variables were connected to the predictors of panic buying
during COVID-19. According to the findings, consumers’ perceptions of product scarcity
play a role in panic buying. Furthermore, consumers’ anticipation of regret mediates the
outcome of scarcity in panic buying. Based on indicators from the health belief model,
preventive strategies for COVID-19 disease were identified in a study in Iran. According to



J. Open Innov. Technol. Mark. Complex. 2022, 8, 93 4 of 26

the findings, perceived barriers, self-efficacy, interests, and fatalistic beliefs significantly
influence COVID-19 preventative actions [21]. In Belgium, a study by Walrave et al. [22]
also utilized the health belief model to accept contact-tracing applications for COVID-
19. The results showed that the perceived advantages of the app were found to be the
strongest indicators for the acceptance of the contract-tracing app, followed by self-efficacy
and perceived barriers. On the other hand, the contact-tracing app uptake intention was
unrelated to the perceived severity and susceptibility of COVID-19. The summary of
related studies that extended and integrated several frameworks to support the hypotheses
considered in this study is presented in Table 1.

Table 1. The summary of related studies.

Author Year Theory Findings

Driediger & Bhatiasevi [11] 2019 TAM

There is a statistically significant link
between the subjective norm, risk perception,
fun and enjoyment, and visibility with online
grocery buying acceptability.

Kian et al. [12] 2018 Extended TAM

The most critical factor impacting consumers’
purchase intentions on online grocery
shopping apps is social influence, while
perceived ease of use is an insignificant
factor.

Bauerova & Klepek [13] 2018 Extended TAM
Perceived utility and convenience of use
directly impact behavioral intentions on
online grocery apps.

Van Droogenbroeck & Van Hove [17] 2021 Extended UTAUT2
Perceived time pressure and innovativeness
are identified drivers of behavioral intentions
to use e-grocery services.

Human et al. [18] 2020 Extended UTAUT2

Social influence, effort expectancy,
facilitating conditions, perceived trust, and
perceived risk do not significantly influence
behavioral intentions to use online groceries.

Chua et al. [20] 2021 HBM
Consumers’ perceptions of product scarcity
play a role in panic buying during the
COVID-19 pandemic.

Shahnazi et al. [21] 2020 HBM
Perceived barriers, self-efficacy, interests, and
fatalistic beliefs significantly influence
COVID-19 preventative actions.

Walrave et al. [22] 2021 HBM

The perceived advantages of the COVID-19
app are found to be the strongest indicator
for the acceptance of the contract tracing app,
followed by self-efficacy and
perceived barriers.

Although the availability of the literature for identifying the indicators influencing
the behavioral intentions of consumers to use online grocery apps may be found in current
works, a lack of study has integrated the factors of the health belief model (HBM) and
the UTAUT2 model. Moreover, the consideration of the COVID-19 pandemic was not
evaluated and considered among the different available studies.

Thus, this study is the first study to look into the issue of the acceptance and usage of
online grocery apps integrating the UTAUT2 and the HBM among consumers amid the
COVID-19 pandemic in the Philippines. The Philippines recently had the worst outbreak
globally, together with Indonesia, Thailand, Malaysia, and Vietnam, due to the onslaught of
Delta variants over 2021 [23]. Southeast Asia has been affected by the Delta variant, which
is particularly difficult to suppress and has a highly contagious strain. As an outcome
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of the COVID-19 pandemic, people in numerous countries have curtailed their physical
interactions. Preventive measures to contain the virus have been implemented in many
countries, including self-imposed social distancing, community lockdowns, and strict
confinement measures. As a result, traditional brick-and-mortar retails have been virtually
put on hold, resulting in consumers’ significant shift to online retailing and e-commerce [24].
Thus, the objective of this study is to understand consumers’ behavioral intentions in the
Philippines regarding the use of online groceries during the COVID-19 pandemic by
integrating the UTAUT2 and the health belief model using the PLS-SEM approach.

3. Conceptual Framework

The study’s theoretical framework is based on integrating elements of the Unified
Theory of Acceptance and Use Technology (UTAUT2) and the health belief model (HBM)
to determine online grocery application’s behavioral intentions and usage behavior during
the COVID-19 pandemic in the Philippines. In times of global crises, several past research
studies have highlighted the importance of looking at consumer behavior [25,26].

The UTAUT2 has been used in various industries, although it has only been tested in
an emerging country setting in the context of online grocery. The UTAUT2 is an extension
of the UTAUT model given by Venkatesh et al. in 2003 [27]. In the present study, the factors
considered for the UTAUT2 model are composed of the five core integrated constructs,
namely, performance expectancy, effort expectancy, social influence, facilitating conditions,
and hedonic motivation, and their influence on the dependent variables, behavioral inten-
tions, and usage behavior. The use of the UTAUT2 model in this paper supports the call of
Venkatesh [27] to apply it in different countries and technologies and expand it with other
relevant key factors to make it applicable to a wide range of consumers contexts.

In addition, the HBM was added to determine how the ongoing health crisis brought
about by the COVID-19 virus affects the behavioral intentions to use online groceries. The
health belief model is a theoretical framework for guiding health promotion and disease-
prevention initiatives. It is used to describe and predict how people’s health behaviors
evolve. It is one of the most used models for analyzing health-related behaviors. The
health belief model has been applied in numerous community-based health intervention
contexts, and its elements explain the determinants of health behavior during the COVID-
19 pandemic [28–30]. In this study, factors of the HBM are comprised of cues to action,
perceived benefits, perceived barriers, perceived severity, and perceived susceptibility.

Furthermore, because this is one of the exploratory studies to determine the impact of
some key factors on consumers’ online grocery purchase intentions, no moderators have
been included in the proposed model. Furthermore, it might be claimed that moderators
are not universally applicable to all various perspectives, causing them to be considered ir-
relevant in some situations [31]. Figure 1 illustrates the theoretical framework for the study.

3.1. Determinants of Behavioral Intentions and Usage of Online Grocery Apps Based on the
UTAUT2 Model

Performance expectancy (PE) refers to the extent to which the use of technology will
benefit customers in accomplishing specific activities. According to Venkatesh et al. [16],
when new information technology is presented to a user and the user immediately learns
how to use it, it improves performance. The user is more inclined to use this technology
in the future. In a study by Chopdar et al. [32], performance expectancy was found to be
the most significant factor in behavioral intentions to use shopping apps, validating the
result of other studies [33]. Similarly, in the study of Chang et al. [34], it was found that
performance expectancy has a significant effect on the behavioral intentions to use online
hotel booking apps. Therefore, it was hypothesized that:

Hypothesis 1 (H1). Performance expectancy (PE) would positively influence consumers’ behav-
ioral intentions regarding the purchase of online groceries during the COVID-19 pandemic.
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Effort expectancy (EE) refers to the level of effort required by users to use technology.
According to Sun et al. [35], if new technology has a user-friendly design and can provide
learning guidance, users are more likely to embrace and use it. Previous studies also
proved that perceived ease of use is a major deciding factor for users to employ a new
technology [33]. Considering these findings, it was hypothesized that:

Hypothesis 2 (H2). Effort expectancy (EE) would positively influence consumers’ behavioral
intentions regarding the purchase of online groceries during the COVID-19 pandemic.

Social influence (SI) refers to the consumer’s perception of the influence and power of
other people (family, friends, and colleagues) on the use of new technology. Moore and
Benbasat [36] explained that when a person perceives that new technology will influence
the user to retain or improve his status or position in a group, he is more inclined to
employ the technology. This claim was also proved by Chopdar et al. [32] that family
members, peers, colleagues, celebrities, and other experienced users are likely to affect
users’ behavioral intentions to use technology such as shopping apps. With this context, it
was hypothesized that:

Hypothesis 3 (H3). Social influence (SI) would positively influence consumers’ behavioral inten-
tions regarding the purchase of online groceries during the COVID-19 pandemic.

Hedonic motivation (HM) refers to the enjoyment or delight obtained from employing
the technology. According to Brown and Venkatesh [37], fun and enjoyment are two
essential elements that encourage people to accept and use new technology. Similarly, in
a study by Thong et al. [38], it was found that hedonic motivation could be managed and
changed into a sense of pleasure, which had a positive effect on consumer adoption and
the use of new technology. With this, it was hypothesized that:

Hypothesis 4 (H4). Hedonic motivation (HM) would positively influence consumers’ behavioral
intentions regarding the purchase of online groceries during the COVID-19 pandemic.

Facilitating conditions (FC) refers to the perception of consumers regarding the re-
sources and assistance accessible to them to carry out a behavior. According to studies,
users’ attitudes, experiences, and understanding of technology influence their desire to
utilize it. This is also confirmed by the analysis of Oliveira et al. [39] that a good set of
facilitating conditions such as resources and skills, related to the internet, will increase the
likelihood of users using technology and applications. Several works of literature validate
Venkatesh et al.’s findings that facilitating conditions influence the behavioral intentions
to use online shopping apps in emerging market conditions. Tak and Panwar [40] found
that favorable conditions aid in the use of mobile apps for shopping in India. Similarly, Al-
wahaishi and Snael [41] discovered a link between facilitating conditions and e-commerce
adoption, later verified by Susanto et al. [42] in their UTAUT2 study in Indonesia. With
this context, it was hypothesized that:

Hypothesis 5 (H5). The facilitating condition (FC) would positively influence consumers’ behav-
ioral intentions regarding purchasing online groceries during the COVID-19 pandemic.

3.2. The Determinants of Behavioral Intentions and the Usage of Online Grocery Apps Based on the
Health Belief Model

Perceived benefits (PBN) refer to a person’s assessment of the efficacy of various
approaches to reducing the risk of illness or disease. A person’s precautions to avoid con-
tracting COVID-19 disease are determined by considering and evaluating both perceived
benefit and vulnerability. The person accepts the recommended health intervention if it is
regarded as beneficial, such as using online grocery apps instead of going to a brick-and-
mortar grocery store. It was proven in a study by Walrave et al. [22] that the perceived
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benefits of COVID-19-related apps are associated with the respondents’ behavioral inten-
tions. Therefore, it was hypothesized that:

Hypothesis 6 (H6). The perceived benefits (PBN) would positively influence consumers’ behavioral
intentions regarding the purchase of online groceries during the COVID-19 pandemic.

Perceived barriers (BR) refer to a person’s sentiments about the challenges of putting
a recommended health practice into action. When promoting health-related behaviors
such as using online groceries to prevent COVID-19 infection, it is critical to identify
solutions to assist people in overcoming perceived barriers. According to Walrave et al. [22],
perceived barriers are one type of factor that influences respondents’ willingness to utilize
a contact-tracing app to contain COVID-19. Therefore, it was hypothesized that:

Hypothesis 7 (H7). Perceived barriers (BR) would positively influence consumers’ behavioral
intentions regarding the purchase of online groceries during the COVID-19 pandemic.

Perceived severity (SV) refers to a person’s sentiments about the seriousness of de-
veloping a disease or illness. The severity of a condition significantly affects health out-
comes [43]. The study’s findings revealed that it is required to improve the severity
perception of the condition to prevent and control the disease. Thus, perceived severity
significantly contributed to protective behaviors such as using new technology during the
COVID-19 pandemic [44]. Therefore, it was hypothesized that:

Hypothesis 8 (H8). Perceived severity (SV) would positively influence consumers’ behavioral
intentions regarding the purchase of online groceries during the COVID-19 pandemic.

Perceived susceptibility (SS) refers to a person’s assessment of the likelihood of de-
veloping an illness or disease. According to the WHO [45], the risk factors for COVID-19
include older people, pregnant women, and people with comorbidities and underlying
conditions. The COVID-19 pandemic has unavoidably resulted in a significant increase in
digital technologies [46]. According to Wong and Tang [47], perceived susceptibility has
significantly affected the acceptance and usage of technologies and applications related to
COVID-19. In similar studies used to measure the COVID-19 risk perception in populations
involved with this pandemic, the perceived susceptibility is proven to have a high corre-
lation with the usage of new technology as a protective behavior for COVID-19 [48–50].
Therefore, it was hypothesized that:

Hypothesis 9 (H9). Perceived susceptibility (SS) would positively influence consumers’ behavioral
intentions regarding the purchase of online groceries during the COVID-19 pandemic.

Cues to Action (CA) refers to the stimulus that must be present for a person to accept
a recommended health action. In HBM, a signal or trigger is required to motivate people to
engage in healthy behaviors [44]. According to Walrave et al. [22], cues to action would
influence individuals to use an application or technology during the COVID-19 crisis. In
a study by Wong and Tang [47], cues to action are among the major determining factors of
SARS-preventive behaviors. Cues to action were also positively correlated with COVID-19
contact-tracing app use intention [22]. With this, it was hypothesized that:

Hypothesis 10 (H10). Cues to Action (CA) would positively influence consumers’ behavioral
intentions regarding the purchase of online groceries during the COVID-19 pandemic.

Hypothesis 11 (H11). Cues to Action (CA) would positively influence consumers’ usage behavior
regarding the purchase of online groceries during the COVID-19 pandemic.
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Behavioral intentions (BI) refer to a user’s intentional plans to adopt or use a new
technology or system, and they are thought to influence the actual usage behavior of
users. Previous studies have demonstrated that behavioral intentions are the primary
determinant and strongly influence the actual use behavior of users, especially in terms of
new technology and systems [10,47,50]. Therefore, it was hypothesized that:

Hypothesis 12 (H12). Behavioral intentions would positively influence consumers’ online grocery
usage behavior during the COVID-19 pandemic.
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4. Methodology

As presented in Figure 2, research conceptualization was performed to achieve the
aim of the study. A critical review of the literature was performed for the preparation
stage, and factors influencing the intention to accept and use online grocery shopping
were identified. The reviewed literature provided a theoretical foundation for the study
and laid the groundwork for developing the structured questionnaire. Before a complete
distribution of the questionnaire, a preliminary run of 50 respondents through purposive
sampling was done to determine the validity and reliability of the questionnaire. Moreover,
Harman’s Single Factor Test was utilized to determine if there was a common method bias
(CMB). The results showed no CMB and a value of 28.32%, from which the questionnaire
was distributed for final data collection. The final stage involved the interpretation of
results by analyzing the data to determine consumers’ behavioral intentions on the use of
online groceries during the COVID-19 pandemic by integrating the UTAUT2 and health
belief model.
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Figure 2. The research conceptualization.

4.1. Measurement

The non-probability sampling method, a specifically purposive sampling using an online
survey, was conducted in this study. The target respondents were users of online groceries
during the COVID-19 pandemic. The online survey was conducted by self-administered
type and distributed via a google form. The questionnaire was distributed with multiple
cross-sectional designs, and the survey link was sent to the target respondents for two months
(Aug–Sep 2021). The expected minimum number of respondents was 100, as suggested by
the study of Yamane [51], where the level margin of error was set at 10. The present study,
however, has collected 373 respondents. Thus, the gathered sample size is acceptable.

4.2. Questionnaire

The survey consists of 67-item questions. The demographics of the respondent were
determined in the first section of the questionnaire using 10-item questions, including age,
gender, area of residence, educational level, number of family members, total household
monthly income, frequency of buying groceries, average amount spent on groceries, and
preferred mode of payment for buying groceries.

The descriptive statistics of the respondents’ demographic information are shown in
Table 2. Among the respondents, the majority are female (61%), between 31 and 40 years of
age (34%), and have finished college or have a graduate degree (52%). In terms of location, it
can be observed that the vast majority of the respondents reside in the city (68%). Regarding
household income, most of the respondents earn a total household income of more than PHP
100,000 a month (52%), with a household size of 5 or more (52%). They purchase groceries
twice a month (43%) and spend an average of PHP 8000–PHP 11,000 monthly (26%); their
preferred mode of payment is usually cash (63%).

The result of the three-way cross-tabulation (see Table 3) of the demographic profile of
respondents between age, gender, and household income suggests that the majority of users
of online grocery apps are female adults with a total household monthly income of PHP
100,000 and above. This finding is supported by numerous studies that proved a significant
gender gap in consumers’ purchasing behavior between males and females [52–54]. A study
by Gutierrez and Jegasothy [55] found that for a typical Filipino family, female adults are
the primary grocery shopper in the household. Similarly, the market research firm Food
Dive [56] also found that females are taking the lead role as grocery shoppers (51%) compared
to males (49%). The result also implies that the majority of the users of online grocery apps
are middle-class consumers. This is because middle-class consumers have more access to
technology and the internet. This also proves that increased affluence and mobile technology
give consumers more connected buying experiences using online platforms such as online
grocery apps.
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Table 2. The respondents’ descriptive statistics (n = 373).

Characteristics Category N %

Gender
Female 226 61%
Male 147 39%
Total 373 100%

Age

20 and below 51 14%
21–30 92 25%
31–40 128 34%
41–50 95 25%

51 and above 7 2%
Total 373 100%

Education

Finished college or with a graduate
degree 194 52%

Attended college 117 31%
Attended high school 59 16%

Attended at least grade school level 3 1%
Total 373 100%

Residential
City 254 68%

Province 119 32%
Total 373 100%

No. of members in the family

1–2 33 9%
3–4 146 39%

5 or more 194 52%
Total 373 100%

Household monthly income (PHP)

Less than 40,000 35 9%
40,001–70,000 84 23%

70,001–100,000 60 16%
100,001–130,000 111 30%

More than 130,000 83 22%
Total 373 100%

Frequency of buying grocery

Once a week 90 24%
Twice a month 161 43%
Once a month 91 24%

Less than once a month 31 8%
Total 373 100%

Monthly grocery expense

Less than PHP 2000 41 11%
PHP 2001-PHP 5000 78 21%
PHP 5001–PHP 8000 75 20%

PHP 8001–PHP 11,000 96 26%
PHP 11,001–PHP 14,000 36 10%
PHP 14,000 and above 47 13%

Total 373 100%

Mode of payment in buying
groceries

Cash basis 235 63%
Credit card basis 138 37%

Total 373 100%

The second part of the questionnaire consists of the indicators based on the UTAUT2
model. It consists of 23-item questions where all answers are on a 5-point Likert scale ranging
from strongly disagree to strongly agree. Five latent factors are used in the survey: perfor-
mance expectancy, effort expectancy, social influence, facilitating conditions, and hedonic
motivation. The measures for each latent factor are based on previous studies [11,17,32,57,58].

The indicators based on the health belief model make up the third section of the
questionnaire. This is used to measure the acceptance and usage of online groceries
during the COVID-19 pandemic. The survey consists of 34-item questions, where the
responses range from strongly disagree to strongly agree on a 5-point Likert scale. Five
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latent factors are used in the survey, including perceived susceptibility, severity, barrier,
benefits, and action cues. The measures for each latent factor are developed based on
previous studies [21,59–62].

The last part of the questionnaire consists of the indicators regarding the purchase of
online groceries apps’ behavioral intentions and usage behavior. The survey consists of
8-item questions where the responses ranges from strongly disagree to strongly agree on a 5-
point Likert scale. The measures for behavioral intentions and usage behavior latency were
developed following the studies of Driediger and Bhatiasevi [11], Chopdar et al. [32], and
Yuen et al. [60]. The constructs and measurement items of the questionnaire are presented
in Table 4.

Table 3. The cross tabulation of age vs. gender vs. monthly income.

Total Household Income in a Month
Gender

TotalFemale Male

less than PHP 40,000
Age Range

20 and below 1 4 5
21–30 6 0 6
31–40 11 4 15
41–50 7 1 8

51 and above 0 1 1
Total 25 10 35

PHP 40,001–PHP 70,000
Age Range

20 and below 7 5 12
21–30 16 9 25
31–40 19 11 30
41–50 12 5 17

Total 54 30 84

PHP 70,001–PHP 100,000
Age Range

20 and below 0 5 5
21–30 13 7 20
31–40 7 9 16
41–50 16 2 18

51 and above 0 1 1
Total 36 24 60

PHP 100,001–PHP 130,000
Age Range

20 and below 5 7 12
21–30 15 9 24
31–40 24 18 42
41–50 21 9 30

51 and above 1 2 3
Total 66 45 111

more than PHP 130,000
Age Range

20 and below 6 11 17
21–30 11 6 17
31–40 10 15 25
41–50 17 5 22

51 and above 1 1 2
Total 45 38 83

Total
Age Range

20 and below 19 32 51
21–30 61 31 92
31–40 71 57 128
41–50 73 22 95

51 and above 2 5 7
Total 226 147 373
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Table 4. The construct and measurement items.

Construct Items Measure Supporting References

Performance Expectancy

PE1 I can buy groceries more rapidly when I use online grocery apps.

[17,32]
PE2 Using online grocery apps improves my

chances of accomplishing more essential goals.
PE3 I can save much time using online grocery apps.

PE4 Online grocery shopping is convenient because it reduces
my reliance on store hours.

Effort Expectancy

EE1 Online grocery services are simple to use, in my opinion.

[17]EE2 I have no trouble finding what I need when using online groceries.
EE3 It is not difficult to order things from an online grocery app.
EE4 Using an online grocery store, I can quickly check the availability of goods.

Social Influence

SI1 My family members believe that ordering groceries online is a great idea.

[17,57]

SI2 Most of my acquaintances and friends think that buying
groceries online is an excellent idea.

SI3 In my community, shopping for groceries online is a status symbol.

SI4 People who sway my decisions believe
that I should shop for groceries online.

SI5 People around me think it is perfectly acceptable to
shop for groceries online.

Facilitating Conditions

FC1 I have the necessary resources to shop on an online grocery store.

[17,57,58]
FC2 I have the essential skills to shop for groceries online.

FC3 When I have problems using an online grocery app, a specialized person (or
group) is accessible to help me.

FC4 Other technologies I use are compatible with online grocery shopping.

Hedonic Motivation

HM1 I find online grocery apps fun to use.

[10,57,58]

HM2 I find online grocery apps enjoyable to use.
HM3 I find online grocery apps very entertaining.
HM4 The use of online grocery apps amuses me.
HM5 The use of online grocery apps makes me feel good.
HM6 I feel comfortable using online grocery apps.

Cues to Action

CA1 My family and friends will support me if I shop for groceries online.

[21,53]

CA2 Because the government strongly encourages me not to go out,
I shop for groceries online.

CA3
I will only buy groceries on-site after COVID-19 if I am given appropriate

external information about existing safeguards; as a result,
I prefer to shop online.

CA4 More people are using online grocery apps during the pandemic; thus,
I use online grocery apps.

CA5 My own experience with online grocery apps has
convinced me to use them again.

Perceived Benefits

PBN1 Using online grocery apps reduces my chance of infection; thus,
I use online grocery apps.

[54,55]

PBN2
Using online grocery apps decreases the severity and the chance of

complications if I get infected with COVID-19; thus,
I use online grocery apps.

PBN3 Using online grocery apps helps me to avoid contact with other people and
crowded places; thus, I use online grocery apps.

PBN4 I want to adhere to the principles of prevention and government
restrictions; thus, I use online grocery apps.

PBN5 I stay at home to control the pandemic sooner; thus,
I use online grocery apps.

Perceived Barriers

PBR1 It is difficult to follow the COVID-19 prevention recommendations; thus, I
use online grocery apps.

[21]

PBR2 I do not have the patience to follow COVID-19 precautionary measures;
thus, I use online grocery apps.

PBR3 I find it challenging to repeatedly wash my hands with soap and water;
thus, I use online grocery apps.

PBR4 It is tough to avoid touching your hands, lips, nose, or eyes; thus, I use
online grocery apps.

PBR5 A face shield is inconvenient to use and uncomfortable; thus, I use online
grocery apps.

PBR6 I find disinfectant solutions expensive and scarce in the market; thus, I use
online grocery apps.

Perceived Severity

PSV1 COVID-19 has a high mortality rate; thus, I use online grocery apps.

[21,58]
PSV2 COVID-19 is very dangerous; thus, I use online grocery apps.

PSV3 The transmission of COVID-19 is relatively high;
thus, I use online grocery apps.

PSV4 If I am infected with COVID-19, and I believe my health will be seriously
harmed; thus, I use online grocery apps.

PSV5
Because of the possibility of contracting COVID-19, I will not go to the

hospital if I become unwell with another condition; thus,
I use online grocery apps.
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Table 4. Cont.

Construct Items Measure Supporting References

Perceived Susceptibility

PSC1 I believe I am at risk of COVID-19; thus, I use online grocery apps.

[21,58,63]

PSC2 I believe I have a higher chance of contacting COVID-19 than before; thus, I
use online grocery apps.

PSC3 I worry about COVID-19, and I cannot carry out my daily activities such as
before; thus, I use online grocery apps.

PSC4 I might contract COVID-19 if I do not take any preventive measures; thus, I
use online grocery apps.

PSC5 I am terrified to contact sick people with the flu (e.g., cough, sneezing,
runny nose, or fever); thus, I use online grocery apps.

Behavioral Intentions

BI1 I intend to use online grocery apps to prevent infection from COVID-19.

[11,63]

BI2 I intend to use online grocery apps to protect
my family from COVID-19 infection.

BI3 I intend to use online grocery apps if
they become widely available in my area.

BI4 I intend to recommend online grocery apps to my family and friends for
safety during the COVID-19 pandemic.

Usage Behavior

UB1 I have used online grocery apps.

[32]UB2 I have used different types of online grocery apps.
UB3 I frequently use online grocery apps in buying goods.
UB4 I frequently search for new items or goods on an online grocery app.

4.3. Structural Equation Modeling

The data collected from the survey were analyzed using multivariate analysis. The
data collected from the survey were analyzed using multivariate analysis. In this study,
the SEM used is a variance-based partial least squares SEM (PLS-SEM) with maximum
likelihood estimation. PLS-SEM is a tool for investigating the relationships between abstract
concepts [64] that deals with complex constructs with higher levels of abstraction and
produces higher construct reliability and validity, making it ideal for prediction [65] and
applicable in this present study. Its primary goal is to maximize explained variance in the
dependent constructs, but the data quality is also evaluated based on measurement model
characteristics. According to Ouellette and Wood [66], PLS-SEM is different from previous
modeling approaches since it considers both direct and indirect effects on presumptive
causal links and is increasingly found in scientific investigations and studies. Moreover,
PLS-SEM is the method of choice for theory development and prediction purposes, while
CB-SEM is better for testing and confirming existing theories [64].

Several fit indices were utilized to justify the model fit in this study using PLS-SEM,
such as standardized root mean square residual (SRMR), normal fit index (NFI), and Chi-
square. For SRMS, a value of less than 0.08 is considered a good fit [67]. For NFI, according
to Baumgartner and Homburg [68], a value of 0.80 and above represents an acceptable fit,
while for Chis-square, a value below 5.0 indicates a well-fitting model.

Additionally, the R2 measures and the significance level of path coefficients are also
determined. According to Hair et al. [64], an R2 value of 0.20 is considered high. By drawing
a path diagram, path analysis was used to discover the causal relationship between the
variables and quantify the relationship among multiple variables. The assumption that
a variable can impact an outcome directly or indirectly via different variables is a typical
function of path analysis [64].

5. Results

The graphical representation of a model in determining the factors affecting the behav-
ioral intentions and usage of Filipinos for online groceries during the COVID-19 pandemic
is presented in Figure 3. The model is comprised of 12 latent factors and 57 indicators. The
model’s factor loading, reliability, and validity indicators are shown in Table 5. A reliability
analysis needs to be carried out before structural equation modeling (SEM) is carried out. In
analyzing behavioral intentions models, Cronbach’s alpha, composite reliability (CR), and
average variance extracted (AVE) are used. Cronbach’s α and CR require a value higher
than 0.7 [69], and AVE should be higher than 0.5 [70]. Since all values surpass the needed
standards, each construct from this model can be considered valid and reliable.
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Table 5. The reliability and convergent validity results.

Construct Items Mean SD. FL (≥0.7) α (≥0.7) CR (≥0.7) AVE (≥0.5)

Performance Expectancy

PE1 3.62 1.16824 0.86

0.866 0.908 0.713
PE2 3.63 1.16937 0.83
PE3 4.03 1.07465 0.83
PE4 3.91 1.10626 0.85

Effort Expectancy

EE1 3.78 1.07440 0.84

0.866 0.906 0.707
EE2 3.50 1.17689 0.79
EE3 3.62 1.09733 0.89
EE4 3.69 1.13493 0.84

Social Influence

SI1 3.45 1.21398 0.89

0.899 0.929 0.766
SI2 3.41 1.15751 0.90
SI3 3.94 1.23617 -
SI4 3.09 1.17690 0.82
SI5 3.38 1.09674 0.87

Facilitating Condition

FC1 4.03 1.00609 0.84

0.818 0.881 0.650
FC2 4.15 0.93842 0.86
FC3 3.47 1.12510 0.71
FC4 4.14 0.90320 0.81

Hedonic Motivation

HM1 3.65 1.09898 0.91

0.953 0.962 0.811

HM2 3.62 1.10738 0.93
HM3 3.58 1.12512 0.92
HM4 3.59 1.11733 0.91
HM5 3.50 1.08664 0.90
HM6 3.62 1.12185 0.82

Cues to Action

CA1 4.00 1.05875 0.86

0.906 0.930 0.726
CA2 3.93 1.07787 0.87
CA3 3.87 1.10937 0.84
CA4 3.81 1.12506 0.86
CA5 3.77 1.12054 0.84

Perceived Benefits

PBN1 4.14 1.02677 0.92

0.950 0.961 0.833
PBN2 4.04 1.09789 0.88
PBN3 4.18 1.04419 0.93
PBN4 4.01 1.04075 0.91
PBN5 4.13 1.04704 0.92

Perceived Barriers

PBR1 3.11 1.34974 0.80

0.939 0.948 0.696

PBR2 3.02 1.30325 0.83
PBR3 3.40 1.31112 0.81
PBR4 3.97 1.38101 0.87
PBR5 3.43 1.39447 0.82
PBR6 3.00 1.33903 0.87

Perceived Severity

PSV1 3.97 1.02879 0.93

0.918 0.940 0.763
PSV2 4.04 1.03086 0.95
PSV3 4.09 1.01562 0.94
PSV4 4.02 1.07000 0.91
PSV5 3.54 1.19195 0.78

Perceived Susceptibility

PSC1 3.88 1.12352 0.83

0.925 0.943 0.769
PSC2 3.80 1.12561 0.86
PSC3 3.85 1.07962 0.93
PSC4 3.88 1.08302 0.90
PSC5 4.06 1.00630 0.87

Behavioral Intentions

BI1 4.16 1.01465 0.88

0.887 0.922 0.747
BI2 4.08 1.02074 0.87
BI3 3.92 1.04199 0.81
BI4 4.11 1.02718 0.89

Usage Behavior

UB1 4.08 1.19800 0.81

0.847 0.896 0.683
UB2 3.81 1.28629 0.79
UB3 3.65 1.24573 0.83
UB4 3.89 1.20451 0.88
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The PLS-SEM was performed to test the proposed hypotheses using Smart PLS v3.3.3.
The results are shown in Table 6. It could be seen that usage behavior was significantly
influenced by behavioral intentions (β = 0.454, p = 0.000) and cues to action (β = 0.227,
p = 0.000). Moreover, the factors that positively influence the behavioral intentions to use
online grocery apps are performance expectancy (β = 0.168, p = 0.002), perceived benefits
(β = 0.239, p = 0.006), cues to action (β = 0.166, p = 0.028), and perceived severity (β = 0.210,
p = 0.012). On the contrary, perceived barriers are found to have a negative influence on
behavioral intentions (β = −0.136, p = 0.006).

Table 6. The respondents’ hypothesis test.

No Relationship Beta
Coefficient p-Value Result Significance Hypothesis

1 PE→BI 0.168 0.002 Positive Significant Accepted
2 EE→BI −0.095 0.142 Negative Not significant Rejected
3 SI→BI 0.012 0.875 Positive Not significant Rejected
4 HM→BI 0.090 0.227 Positive Not significant Rejected
5 FC→BI −0.007 0.916 Negative Not significant Rejected
6 PBN→BI 0.239 0.006 Positive Significant Accepted
7 PBR→BI −0.136 0.006 Negative Significant Rejected
8 PSV→BI 0.210 0.012 Positive Significant Accepted
9 PSC→BI 0.036 0.704 Positive Not significant Rejected

10 CA→BI 0.166 0.028 Positive Significant Accepted
11 CA→UB 0.227 0.000 Positive Significant Accepted
12 BI→UB 0.454 0.000 Positive Significant Accepted

It can be seen in the result of Table 6 that seven constructs were proven to have a
positive influence on behavioral intentions (BI), and two constructs have a positive impact
on usage behavior (UB). In contrast, three constructs were proven to negatively influence
behavioral intentions (BI). Of the 12 proposed hypotheses, 7 were proven to significantly
affect the behavioral intentions and usage behavior, indicating that the proposed model
is robust [70]. The key determinants influencing behavioral intentions (BI) are perceived
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benefits (PBN), having the highest direct correlation value, followed by perceived severity
(PSV) and performance expectancy (PE).

To prove the significant correlation between each factor and evaluate the measurement
model, discriminant validity using the Fornell–Lacker criterion, and the Heterotrait–Monotrait
ratio of correlation is performed as proposed by Henseler [71]. According to Hair et al. [64],
discriminant validity has been confirmed when a value between two reflective constructs
falls below 0.85 when using variance-based SEM for the Heterotrait–Monotrait ratio and
when assigned constructs have a higher value than all the loadings of the other constructs for
Fornell–Lacker. As reported in Tables 7 and 8, the values are within the desired range, and
the results indicate satisfactory reliability and convergent validity. Thus, the overall results
among the constructs are accepted.

Table 7. Discriminant validity: the Fornell–Lacker criterion.

Construct BI CA EE FC HM PBN PBR PE PSC PSV SI UB

BI 0.864
CA 0.536 0.852
EE 0.378 0.575 0.841
FC 0.336 0.444 0.575 0.806

HM 0.444 0.599 0.670 0.594 0.900
PBN 0.569 0.714 0.530 0.402 0.571 0.912
PBR 0.232 0.529 0.372 0.136 0.379 0.458 0.834
PE 0.478 0.575 0.740 0.579 0.676 0.567 0.334 0.844

PSC 0.513 0.719 0.478 0.371 0.521 0.720 0.526 0.574 0.877
PSV 0.537 0.716 0.636 0.418 0.550 0.770 0.545 0.585 0.806 0.873
SI 0.387 0.621 0.660 0.502 0.639 0.494 0.495 0.678 0.542 0.550 0.831

UB 0.576 0.470 0.370 0.307 0.401 0.390 0.251 0.393 0.403 0.402 0.416 0.827

Table 8. The Heterotrait–Monotrait (HTMT) ratio.

Construct BI CA EE FC HM PBN PBR PE PSC PSV SI

CA 0.585
EE 0.402 0.638
FC 0.395 0.513 0.659

HM 0.479 0.637 0.715 0.671
PBN 0.612 0.878 0.568 0.454 0.597
PBR 0.229 0.562 0.402 0.150 0.382 0.462
PE 0.536 0.647 0.827 0.688 0.744 0.624 0.352

PSC 0.553 0.784 0.513 0.423 0.546 0.760 0.547 0.636
PSV 0.569 0.784 0.583 0.470 0.582 0.816 0.608 0.650 0.652
SI 0.418 0.683 0.731 0.573 0.689 0.529 0.549 0.765 0.590 0.609

UB 0.642 0.524 0.401 0.369 0.432 0.423 0.265 0.451 0.443 0.438 0.474

The final SEM model is shown in Figure 4. To assess the hypothesis model, the beta
coefficients and R2 value were determined. The model allocates 38.7% of the variation to
intention to use and 36.9% of the variance to usage behavior. An R2 score of 0.20 is deemed
high in this paper since it describes the behavioral intentions and usage behavior [64].

The model fit analysis was performed to show the validity of the suggested model. In
this study, the model fit consisted of SRMR, Chi-square, and NFI, using model fit parameters
from previous studies as a guide [67,68]. As reported in Table 9, all parameter estimates
exceeded the minimum threshold value, confirming the proposed model to be valid.
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Table 9. The model fit.

Model Fit for SEM Parameter Estimates Minimum Cut-Off Recommended by

SRMR 0.067 <0.08 [67]
(Adjusted) Chi-square/dF 3.68 <5.0 [67]

Normal Fit Index (NFI) 0.834 >0.80 [68]

Bootstrap samples are also drawn from modified sample data. This modification
entails an orthogonalization of all variables and a subsequent imposition of the model-
implied correlation matrix. According to Djisktra and Henseler [72], if more than 5% of the
bootstrap samples produce discrepancy values greater than those of the actual model, it is
plausible that the sample data come from a population that behaves under the hypothesized
model. Thus, to show the model’s overall quality, dG and dULS were considered. These
distance measurements relate more than one way to calculate the difference between
two matrices to contribute to the model fitness index in PLS-SEM. The results showed
the dG and dULS values of 1.449 and 4.830, respectively, reflecting a perfectly matched
measurement model. This suggested that the quality of the model was appropriate and
efficient to use for explaining the data [72].

6. Discussion
6.1. The Intention to Use Online Grocery Applications during the COVID-19 Pandemic

Physical interactions have decreased in several affected countries due to the COVID-19
pandemic. As a result, traditional brick-and-mortar retail was effectively halted, resulting
in a substantial shift in consumer preference for online retailing and e-commerce. As newly
established e-stores, online grocery stores still have a lot of room to improve regarding
services, especially as the competition among different brands increases. To maintain a
competitive advantage, having an understanding of digital consumers’ motivations and
behavioral intentions to adapt their brands and services is necessary. Thus, the objective of
this study is to understand consumers’ behavioral intentions in the Philippines regarding
the use of online groceries during the COVID-19 pandemic by integrating the UTAUT2 and
health belief model. Structural equation modeling (SEM) was utilized to determine factors
affecting Filipinos’ behavioral intentions and usage of online grocery apps. Numerous latent
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factors were used in the analysis, such as performance expectancy (PE), effort expectancy
(EE), social influence (SI), facilitating conditions (FC), hedonic motivation (HM), cues to
action (CA), perceived benefits (BN), perceived barriers (BR), perceived severity (SV), and
perceived susceptibility (SS).

From the results, it can be seen that behavioral intentions (BI) have the highest significant
and direct effect on usage behavior (UB) (β = 0.454, p = 0.000), thereby supporting H12. This
explains that users who have a strong intention to use online grocery apps are more likely to
use such apps. According to the previous technology adoption literature, behavioral intentions
are the primary determinants and strongly influence the actual usage behavior of users in
terms of new technology and systems such as online grocery apps [10,50,73].

Cues to action (CA) were also proved to have a significant and direct effect on behavioral
intentions (BI) (β = 0.156, p = 0.048) and usage behavior (UB) (β = 0.227, p = 0.000), thereby
supporting H10 and H11, respectively. This explains that triggers such as COVID-19 infection
may influence consumers to engage in health-promoting behaviors such as using online
grocery apps instead of going to brick-and-mortar grocery stores. This finding is supported
by several health-related studies that proved that cues to action significantly contribute to
behavioral intentions and usage behavior. In a study by Walrave et al. [22], it was found that
cues to action were found to positively correlate with the usage intention of contact-tracing
apps in Belgium. Chua et al. [20] also proved that cues to action are directly associated with
consumer behavioral intentions during the COVID-19 pandemic in Singapore. This finding
implies that the risk of COVID-19 is one of the triggers for accepting online grocery apps.
Thus, this finding could help retail businesses offer convenient services such as online grocery
shopping combined with in-store pickup to improve both in-store and online transactions,
especially during this pandemic.

Perceived benefit (BN) was also proved to have a significant direct effect on behavioral
intentions (BI) (β = 0.234, p = 0.009), thereby supporting H8. This means that users believe
that online grocery apps could help them prevent COVID-19 infection and reduce their risk
of illness and disease. In addition, online grocery apps help promote safety and enable
users to see better shopping alternatives that could help save them time and money. This
was also proven in a study by Walrave et al. [22] that showed that the perceived benefits
of COVID-19 related apps are associated with respondents’ usage behavior. The result
implies that due to the COVID-19 quarantine, consumers’ way of buying items has changed.
People will grow more cautious due to the COVID-19 pandemic, and many will continue
to prefer purchasing online from the comfort of their own homes. Thus, this finding could
influence businesses to offer flexible services to their customers by providing many choices
regarding customer service, shipping, payment options, and other forms of transactions.

Performance expectancy (PE) was also proved to have a significant and direct effect
on behavioral intentions (BI) (β = 0.179, p = 0.021), thereby supporting H1. This explains
the fact that users find online grocery apps beneficial because they save them more time
buying groceries and increase their chances of accomplishing things and tasks that are more
important to them. Furthermore, they find online grocery favorable since it makes them less
dependent on opening hours, especially in this pandemic where most establishments have
shorter operating hours. The study by Chong [74] also supports this finding. Performance
expectancy is the most influential factor in behavioral intentions toward shopping apps,
validating the result of other studies [33]. Another study proved individuals’ performance
expectations substantially impact their decision to use mobile services.

Similarly, in the study of Chopdar et al. [32], it was found that performance expectancy
was a significant contributor to behavioral intentions to use mobile shopping apps. As a
result, people now value the convenience of online shopping. While COVID-19’s limits
may have made internet buying more tempting, this long-term trend will almost certainly
continue. To take advantage of this, retail businesses must provide consumers with flexible
policies and convenient omnichannel solutions.

Perceived severity (SV) was also proved to have a significant direct effect on behavioral
intentions (BI) (β = 0.183, p = 0.093), thereby supporting H8. This suggests that people who
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think COVID-19 is more severe are more inclined to employ technology or systems that
will promote health protection, such as using online groceries. This is an interesting finding
since this study was conducted during the surge of Delta variants in the Philippines. The
users perceived the strain of delt-variant as more severe, more contagious, and having a
relatively high mortality rate; thus, users were more inclined to use online groceries due to
the perceived severity of COVID-19. This finding is also supported by Wong et al. [47], who
found that perceived higher severity of COVID-19 to the user’s health was significantly
more likely to indicate the acceptance and usage of technology or apps to prevent the
disease. As a result, even amid the epidemic, firms must continue to support marketing
methods that drive consumer shopping desires by providing more purchase options,
particularly policies that allow customers to obtain things with little contact.

On the other hand, perceived barriers (BR) were proved to have a negative direct
effect on usage behavior (UB) (β = −0.140, p = 0.006), thereby not supporting H9. This
implies that consumers do not find it hard to follow health-related behaviors to prevent
COVID-19 infection, such as social distancing, regular hand sanitizing, and wearing of a
face mask and face shield. This means that consumers are still willing to buy groceries from
brick-and-mortar stores despite the inconvenience of safety restrictions and safety protocols.

On the contrary, effort expectancy (EE) was found to have no significant direct effect
on behavioral intentions (BI) (β = −0.071, p > 0.05), thereby not supporting H2. This means
that the perceived ease of use and interface design of online grocery shopping does not
affect the intention of users to adopt the app. This is similar to Chang et al.’s [34] findings
that proved that effort expectancy is insignificant to behavioral intentions to use online
hotel booking. This is also supported by Human et al.’s [18] findings that demonstrated that
effort expectancy did not have a significant influence on Mauritian behavioral intentions to
adopt online grocery apps.

Social influence (SI) was also proved to have no significant and direct effect on be-
havioral intentions (B) (β = 0.012, p = 0.874), thereby not supporting H3. This shows that
the influence of other people such as family members, friends, colleagues, and different
influential personalities cannot affect an individual’s decision to use online grocery apps.
This finding contradicts the results of Yang and Kim [75], who proved that social influence
is one of the critical drivers of usage intentions towards mobile shopping services. This
finding is noteworthy because online grocery apps are just an emerging technology in the
Philippines. Thus, online grocery brands must invest in promoting and advertising their
services to build better customer awareness. This finding is also supported by Chopdar
et al. [32], who proved that social influence plays an insignificant role in influencing the
intention to utilize mobile shopping apps.

Facilitation condition (FC) was also found to have no significant direct effect on behav-
ioral intentions (BI) (β = −0.007, p > 0.05), thereby not supporting H5. This means that the
available resources and assistance accessible to the users of online grocery do not affect their
intention to use the app. This contrasts with Oliveira et al.’s [39] findings that a good set of
facilitating conditions, such as resources and skills related to the internet, will increase users’
likelihood of using technology and applications. However, a similar finding supporting this
result was observed by Human et al. [18], who proved that facilitating conditions do not
significantly influence behavioral intentions to adopt online grocery apps.

Hedonic motivation (HM) was also found to have no significant direct effect on
behavioral intentions (BI) (β = 0.090, p > 0.05), thereby not supporting H4. This implies
that pleasure or enjoyment derived from using technology or apps such as online grocery
apps does not affect the intention of users to adopt and use such apps. This means that
consumers are still seeking pleasure and enjoyment in shopping in brick-and-mortar
grocery stores compared to online grocery stores. This finding is also similar to the study
of Piarna et al. [76], who found hedonic motivation to be an insignificant contributor to the
behavioral intentions of Indonesian consumers to use online shopping.

Perceived susceptibility (SS) was also found to have no significant direct effect on
usage behavior (UB) (β = 0.036, p > 0.05), thereby not supporting H9. This shows that
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users’ subjective perception of the risk of contracting COVID-19 does not affect their
usage behavior of online grocery apps. This might imply that users of online grocery
are not susceptible to COVID-19 since the majority of the respondents are of the younger
generation between 31–40 y/o and are less susceptible to the risk of COVID, unlike older
people, pregnant women, and individuals with comorbidities and underlying diseases.

In this study, several factors influenced the acceptance and usage of online groceries
during the COVID-19 pandemic. The study’s findings were similar to the results of previous
studies. In Indonesia, it was discovered that ease of use, usefulness, attitude, and reference
group all had a statistically significant relationship with the intention and actual use of
online grocery shopping platforms. However, perceived health risks were not found to be
significantly correlated with respondents’ purchasing intent [77]. In Slovenia, behavioral
intentions toward online shopping were analyzed under the COVID-19 pandemic and social
isolation circumstances. The main findings show that performance expectancy continues
to have the most significant influence on behavioral intentions, whereas the impact of
social influence was not supported under these conditions [78]. In India, it was found
that the spread of the COVID-19 pandemic had a significant impact on customers’ online
purchasing behavior. The study’s findings will help businesses understand the impact of
consumer technology adaptation, the perceived risk associated with online transactions,
consumers’ level of trust in online technologies, and consumers’ online purchase intentions
regarding grocery products [79].

The present study supports previous research recommendations for integrating the
UTAUT2 model with other theories and identifying new context effects [16]. Furthermore,
the study aligns with the call for future research into how the COVID-19 pandemic in-
fluences customer behavior in technology adoption [80]. The COVID-19 pandemic has
created unique conditions in which researchers can address the complexity of technology
adoption and use during the pandemic and advance theories and practices of individuals’
technology adoption and use after the pandemic.

6.2. The Relationship between Using Online Applications and Open Innovation

From the standpoint of the open innovation concept, the interaction of the customer
and the retail market based on digital technologies can be described [81]. Open innovation
is a concept that establishes a collaborative and open method for developing and delivering
a new or considerably enhanced product or service [82]. New online company models
adopt open innovation approaches to boost their sales channels through technological
capability. Open innovation is also a critical component of retail firm distinction and relative
appeal because it impacts people’s behaviors and attitudes [83,84]. Entrepreneurs are being
drawn to a dynamic, cyclical, creative, and inventive company culture by new business
models based on new technology in a fully capitalist and collaborative economy [85].
Technological capabilities are a critical component of new business models based on an
open innovation strategy, and they are one of the most vital variables impacting online
consumer pleasure [86]. According to Bolton et al. [87], minor changes over time are
essential for open innovation. They can make a massive difference for retailers looking to
distinguish their customer experience and improve relative attractiveness.

Businesses have used their innovation to address the challenges posed by the COVID-
19 epidemic while also improving their relative appeal [88]. Due to the rapid spread of the
COVID-19 epidemic and the advent of mobile internet technology, the e-commerce business
has seen tremendous growth worldwide, with consumers quickly adapting to online buying
methods. The COVID-19 pandemic has prompted customers to embrace technology and
shop for groceries online. Online grocery shopping has risen tremendously in terms of
volume and use as a result of technology’s pervasiveness and consumer convenience [79].
Consumer expectations and technical advancements in e-commerce necessitate that online
businesses be at the forefront of technology innovation and constantly explore innovation
techniques extending beyond their borders. Thus, online grocery businesses should be
equipped with modern technologies such as cloud computing, the Internet of Things (IoT),
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and blockchain technology so that online retail businesses could have an innovative culture
and consolidate their image, reputation, and consumer trust in the internet. Furthermore,
an organizational culture’s foundation in open innovation provides business leadership
capacity, allowing an organization to excel and become more competitive.

7. Conclusions

This is the first study to investigate the acceptance and use of online grocery shopping
integrating UTAUT2 and HBM among consumers in the Philippines during the COVID-19
pandemic. Due to the COVID-19 pandemic, people in numerous countries restricted their
physical interactions by imposing preventive measures to contain the virus, including social
distancing, community lockdowns, and strict confinement measures. As a result, traditional
brick-and-mortar retail was virtually put on hold, resulting in consumers’ significant shift to
online retailing and e-commerce [24]. Thus, it is essential to understand consumers’ behavioral
intentions in the Philippines regarding the use of online grocery apps during the COVID-
19 pandemic by integrating the UTAUT2 and health belief model. A questionnaire was
developed and distributed using the purposive sampling method to 373 Filipino consumers
to determine factors affecting their intention to use and adopt online grocery apps.

By utilizing partial least square structural equation modeling (PLS-SEM), it was found
that behavioral intentions and cues to action significantly influenced usage behavior. More-
over, the factors that positively influenced behavioral intentions to use online grocery apps
were performance expectancy, perceived benefits, cues to action, and perceived severity. On
the contrary, perceived barriers were found to negatively influence behavioral intentions.
Furthermore, effort expectancy, social influence, hedonic motivation, facilitating condition,
and perceived susceptibility were found to have no significant influence on behavioral
intentions to use online grocery apps. Compared to previous research, this paper proposes
a more comprehensive framework for explaining the intention to use online grocery apps.

The findings of this study can be used as a theoretical framework for future researchers
of consumer behavior, e-commerce developers, and retailers of the grocery industry to
enhance the innovation and services of online grocery applications. The results of this study
may also be used and capitalized on by investors and managers to apply in strategizing
when developing and marketing online grocery apps among consumers. Moreover, the
framework of this study may be adopted and utilized by other online markets, even in
different counties.

7.1. Practical and Managerial Implication

Understanding consumer behavior is critical for considering their decisions to buy
groceries online. As a result, providing insights to producers and retailers of the grocery
industry may aid in the discovery of significant ways to improve e-commerce technologies.
The findings of this study may assist marketers and online retailers in improving their
marketing strategies and sales performance, especially during COVID-19. The results may
also assist online marketers in targeting existing and potential customers via an effective
and efficient e-commerce platform system that provides convenience and lower costs. If
online marketers provide user-friendly and engaging website interfaces, customers should
easily control and understand their purchases. The findings of this study may also help the
government better understand how to motivate people to meet their daily needs through
online shopping platforms, reducing physical contact and slowing the spread of the virus.
The results of this study may also be used and capitalized on by investors and managers to
apply in strategizing when developing and marketing online grocery among consumers.
Moreover, the framework of this study may also be adopted and utilized by other online
markets, even in different counties.

7.2. Theoretical Implication

Research on known predictors of online purchasing behavior of consumers is critical
during the COVID-19 pandemic because businesses must anticipate consumer behavior to
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gain a competitive edge throughout this worldwide crisis [89]. The present study integrated
the UTAUT2 and HBM to determine factors affecting the behavioral intentions of Filipinos
to use online grocery apps during the COVID-19 pandemic. Compared to previous research,
this paper proposes a more comprehensive framework for explaining the intention to use
online groceries. Compared to the findings in developed countries, the present study’s
findings are novel and contradict the existing literature, which shows that some factors have
significant effects on intention and usage behavior. Prior studies [18,76,78,90] found that
effort expectancy, social influence, hedonic motivation, facilitating condition, and perceived
susceptibility had a considerable impact on the decision-making process of customers when
purchasing groceries from online applications. As a result, the present study’s findings add
new insights by demonstrating that those factors had no significant effect on customers’
online grocery shopping purchase intention.

The findings of this study can be used as a theoretical framework for future researchers
of consumer behavior [91,92], allowing for the implementation of e-commerce technologies
for grocery shopping apps in the Philippines as part of an emerging economy.

7.3. Limits and Future Research Topics

This study has limitations that can be explored further in the future. The first is related
to the issue of the distribution of respondents, which urban residents dominate. To better
understand the consumer acceptance and usage of online grocery, it is recommended that
future studies include more samples from diverse geographic backgrounds, providing a
more accurate representation of Filipino consumers. Second, a non-probability sampling
method was used in the study. Thus, future researchers could investigate differences in
adaptive shopping during the COVID-19 pandemic based on psychographic segments
across different product categories and store formats [93]. Lastly, the study did not consider
moderating effects of socio-economic factors such as age, gender, income, and employment
status. Hence, future researchers could replicate this study and consider these factors as
moderators to confirm the hypotheses proposed in the study.
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