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ABSTRACT
With the rapid growth of e‑commerce, online shopping has become an integral part of consumer behavior,

transforming food purchasing patterns across various regions in Indonesia. This study investigates the impact of
online purchasing behavior on healthy food consumption patterns among communities in East Java, Indonesia, uti‑
lizing survey data from 12,514 households. By applying a comprehensive analytical approach using a Probit model
andPropensity ScoreMatching (PSM), the research identiϐies critical factors inϐluencing the adoptionof online shop‑
ping, such as household size, urban residency, gender, age, education level, mobile phone ownership, and monthly
income. The ϐindings indicate that urban residency, higher education levels, income, and mobile phone ownership
positively affect online shopping adoption, while larger household size, male gender, and older age negatively inϐlu‑
ence this behavior. Importantly, the study reveals a signiϐicant negative association between online shopping and
the proportion of expenditure allocated to healthy foods within household budgets. The Average Treatment Effect
on the Treated (ATT) results suggest that households engaging in online shopping allocate a lower budget share
to healthy foods compared to non‑adopters, possibly due to preferences for more accessible, yet less nutritious,
food options. These results highlight the need for targeted policies to encourage healthy food choices among online
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1. Introduction
Recently, the trend of purchasing food online has

surged signiϐicantly across various countries. Accord‑
ing to a report by McKinsey & Company [1], consumer in‑
tent to shop for food online has continued to rise even
after the pandemic, especially for essential products.
The report notes that services such as instant delivery
and click‑and‑collect have gained immense popularity
and are projected to expand further until 2030 [1]. This
demonstrates that the rapid growth of online shopping
has transformed consumer behavior globally. Online
shopping refers to purchasing goods or services through
the internet, noting its transformative effects on tradi‑
tional retail spaces and shifting layouts to integrate both
physical and cyber spaces [2]. This phenomenon was ac‑
celerated by the emergence of the COVID‑19 pandemic,
which compelled a shift toward online shopping behav‑
iors, including the purchase of healthy foods [3]. Healthy
foodpurchases sawa signiϐicant surge during the COVID‑
19 pandemic. Research conducted byOnePoll (2020), in‑
volving 28,000 respondents across 30 countries, includ‑
ing Indonesia, revealed that 41% of individuals adopted
healthier eating habits during the pandemic. Addition‑
ally, this trend has been driven by technological advance‑
ments that are reshaping consumer behavior from in‑
store shopping to online shopping, particularly in food
preferences [4]. Online platforms often provide a diverse
selection of healthy products that may not be available
in physical stores. Karimi, Papamichail and Holland [5]

found that online shopping can alter consumption pat‑
terns by allowing consumers to make more informed
purchasing decisions. Consumers can readily compare
nutritional information and prices with the range of
choices available online, which may encourage health‑
ier choices [6]. Online platforms have emerged as crucial
bridges, connecting consumer demand for healthy food
with more accessible and affordable options. Currently,
gaps in the adoption of healthy eating habits are often
caused by a variety of barriers, ranging from limited in‑

formation and perceived high costs to restricted avail‑
ability of healthy products in certain regions [7]. Online
platforms, such as food e‑commerce, health food appli‑
cations, and organicmarketplaces, play a signiϐicant role
in overcoming these obstacles, primarily by leveraging
technology to directly connect consumers with produc‑
ers or suppliers of healthy food [8].

Although online shopping offers convenience and
greater access to a wide variety of food options [6], it is
uncertain whether this convenience genuinely encour‑
ages consumers to opt for healthier foods [9]. Concerns
arise regarding features such as automated product rec‑
ommendations, targeted advertisements, and discount
promotions, which can sway consumers towards less
healthy products [10], ultimately inϐluencing consumer
preferences and purchasing behaviors. This issue is of
particular concern in areas like East Java, where tradi‑
tional diets rich in vegetables, fruits, and local grains
are increasingly threatened by the availability of fast‑
food options that are easy to access yet lack nutri‑
tional value. This trend may inadvertently contribute
to an increase in unhealthy food consumption, exacer‑
bating issues such as obesity, diabetes, and other diet‑
related non‑communicable diseases (NCDs) that are al‑
ready on the rise in Indonesia. This research highlights
how the trend of online food shopping, especially post‑
pandemic, impacts healthy food consumption in East
Java, a region with unique socio‑economic and demo‑
graphic characteristics within the Indonesian context.
This research holds particular relevance in East Java, a
province marked by signiϐicant socio‑economic and de‑
mographic diversity. Approximately 51% of the popula‑
tion lives in rural areas, where access to the internet and
technology is limited, creating a stark contrast with the
more digitally connected urban regions [11]. This dispar‑
ity affects online shopping patterns, including access to
healthy food, which may be more costly and scarce. Ad‑
ditionally, there is an increasing shift in urban East Java
towards more practical and affordable food preferences,
such as fast food, indicating a dietary shift that may neg‑
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atively impact health outcomes. According to the East
JavaHealthDepartment [12], obesity rates have increased
by roughly 3% over the past ϐive years, with this trend
largely attributed to evolving dietary habits.

Previous studies indicate that online food shop‑
pingmay increase the consumption of low‑quality foods,
especially among younger age groups, who tend to fa‑
vor fast food and widely available unhealthy snacks [13].
The convenience of online shopping, combined with ag‑
gressive marketing strategies by food companies, can
make it more challenging for consumers to make health‑
ier choices [14]. From the perspective of the Technology
Acceptance Model (TAM), which emphasizes how per‑
ceived ease of use and perceived usefulness drive tech‑
nology adoption, the convenience and efϐiciency of on‑
line food shopping platforms signiϐicantly enhance their
perceived usefulness. Simultaneously, user‑friendly and
intuitive interfaces increase their perceived ease of use,
particularly among younger demographics [15]. When
these factors are combinedwith targetedmarketing and
personalized recommendations, they shape consumer
behavior, fostering a preference for low‑quality, easily
accessible foods over healthier alternatives [14]. How‑
ever, other ϐindings suggest that the online shopping en‑
vironment may reduce the frequency of unhealthy food
purchases, as shown by a 2.3% decrease in spending on
sugary items like sweets and candy following the intro‑
duction of online shopping services. When shopping on‑
line, the absence of checkout lanes and associated pur‑
chasing cues may lessen the likelihood of impulsively
buying items such as candy bars, mints, gum, and other
unhealthy options [16]. The contrasting ϐindings from
these studies highlight the complexity of online purchas‑
ing behavior and its impact on healthy food consump‑
tion, underscoring the importance of further research
in this area. While some evidence suggests that online
shopping may increase the consumption of unhealthy
foodsdue to easeof access and targetedmarketing, other
studies indicate it could reduce impulse purchases, po‑
tentially leading to healthier choices. This dual effect
suggests that online food shopping can shape consumer
behaviors in both positive and negative ways, making
it essential to investigate under what conditions online
shopping can support healthier dietary choices.

Previous studies have identiϐied several factors
that encourage individuals to choose healthier foods
when shopping online. The ϐirst is the quality of in‑
formation provided and the credibility of information
sources [17, 18]. Shang, Zhou and Zuo [18] explain that in‑
dividuals are more likely to exhibit healthy food pur‑
chasing behavior online when they receive adequate in‑
formation from credible sources. In the context of on‑
line healthy food purchases, source credibility can be
assessed based on websites or online stores that are
veriϐied and recognized by professional health organiza‑
tions [19]. In Indonesia, suchorganizations includeBPOM
and the Halal Product Assurance Agency for products
that comply with Islamic law [20]. Second, another fac‑
tor is electronic health literacy, which refers to the level
of skill in locating and utilizing credible online health
information  [19]. Health literacy sources in Indonesia
are quite diverse, including platforms such as Aladokter,
Halodoc, Klikdokter, and others. Previous research has
found that internet access signiϐicantly inϐluences con‑
sumers’ ease in choosing products, especially nutritious
food options [21].

An empirical study by Sumaedi et al. [19] revealed
that electronic health literacy does not have a strong
correlation with online health information‑sharing be‑
havior. The results showed that technology integration‑
based intervention favored healthy changes in house‑
hold food purchases and increased consumption of
healthy food and healthy eating outcomes—albeit to
different extents. Overall, technology apps are conve‑
nient and user‑friendly tools to encourage a change in
healthy food purchases and consumption among peo‑
ple [22]. Current literature also lacks an in‑depth explo‑
ration of the relationship between online purchasing
and healthy food consumption, especially in Indonesia.
Previous research has predominantly examined the im‑
pact of online purchasing on various food categories,
with a strong emphasis on fast food, which is easily ac‑
cessible but often lacks nutritional value (without look‑
ing deeper into healthy foods) [23, 24]. However, there
is a signiϐicant gap in the literature regarding the inϐlu‑
ence of online shopping on healthy food consumption,
particularly in regions like East Java. In East Java, tra‑
ditional diets rich in vegetables, fruits, and local grains

425



Research onWorld Agricultural Economy | Volume 06 | Issue 01 | March 2025

are at risk due to the growing presence of convenient,
less nutritious food options offered online. While exist‑
ing studies have investigated the broader implications of
online shopping, few, if any, have focused on Indonesia
or speciϐically in East Java. Notably, no research has com‑
bined advanced analytical methods such as Probit analy‑
sis and Propensity ScoreMatching (PSM) to evaluate the
socio‑economic and demographic factors, determinants
of online shopping and its subsequent effects on healthy
food consumption in this region. This lack of focused,
methodological investigation underscores the need for
this study.

This research aims to ϐill the identiϐied gap by
exploring how online shopping behaviors inϐluence
healthy food consumption patterns in East Java, par‑
ticularly in the post‑pandemic context. Using data
from 12,514 respondents, the study employs a Probit
model to analyze the socio‑economic and demographic
factors driving online shopping adoption and applies
PSM to measure its effect on the proportion of spend‑
ing allocated to healthy foods. With the Probit model,
we hypothesize that the impact of online shopping on
food choices varies based on demographic and socio‑
economic factors, including family size, marital status,
gender, age, cellular ownership, and income. Further‑
more, through PSM, we hypothesize a signiϐicant nega‑
tive relationship between online shopping and healthy
food consumption. By addressing this gap, the research
seeks to provide actionable insights for policymakers to
develop strategies that promote healthier food consump‑
tion in the context of rising online shopping behaviors in
Indonesia.

2. Materials and Methods

2.1. Research Data

This study focuses on households in East Java, uti‑
lizing secondary data from the Indonesia Family Life
Survey (IFLS). IFLS is a large‑scale national longitudinal
survey that provides data on health, education, employ‑
ment, income, as well as household and environmental
conditions, including coverage of the East Java region.
Detailed data collection methods can be accessed at
https://www.rand.org/well‑being/social‑and‑behavio

ral‑policy/data/FLS/IFLS.html. The East Java province
was selected due to its relatively high internet penetra‑
tion rate and the socio‑economic diversity between ur‑
ban and rural areas. East Java provides a relevant varia‑
tion for examining factors that inϐluence online shopping
behavior and healthy food consumption patterns. Data
was collected through a survey covering 12,514 house‑
holds across various regions in East Java. Key variables
include online shopping behavior, proportion of spend‑
ing on healthy foods, and socio‑economic characteristics
such as age, gender, marital status, education level, num‑
ber of household members, monthly income, and access
to the internet and mobile devices.

2.2. Research Variable

The dependent variables in this study include i_buy,
a dummy variable that indicates the adoption of online
shopping, where a value of 1 signiϐies that the respon‑
dent engages in online purchasing and 0 otherwise. Ad‑
ditionally, per_hfshare represents the percentage of ex‑
penditure on healthy foods relative to total food expendi‑
ture. This variable is used to assess the extent to which
online shopping inϐluences healthy food consumption.
2.2.1. Dependent Variable

This study was conducted in East Java Province, se‑
lected for its relatively high internet penetration rate and
socio‑economic diversity between urban and rural areas.
East Java provides a relevant variation for examining fac‑
tors inϐluencing online shopping behavior and healthy
food consumption patterns. Data was collected through
a survey covering 12,514 households across various re‑
gions in East Java. Key variables include online shopping
behavior, the proportion of spending on healthy foods,
and socio‑economic characteristics such as age, gender,
marital status, education level, family size, monthly in‑
come, and access to the internet and mobile devices. A
simple random sampling method was used to ensure a
balanced representation of urban and rural areas.

2.2.2. Independent Variable

If categorized, the independent variables in this
study encompass two aspects: First, demographic fac‑
tors, including family size, age, gender, and marital sta‑
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tus. Second, socio‑economic factors, comprising educa‑
tional level in years,monthly income,mobile phone own‑
ership, and urban vs. rural residence.

2.3. Estimation Strategy

To analyze the factors inϐluencing the adoption of
online shopping and its impact onhealthy food consump‑
tion, this study employs a two‑stage analysis, outlined as
follows:
• The ϐirst stage: Probit Model for Analyzing Factors

Inϐluencing Online Shopping Adoption.
In the ϐirst stage of analysis, a Probit model is ap‑

plied to examine the factors inϐluencing an individual’s
decision to adopt online shopping. This model is se‑
lected due to the binary nature of the dependent vari‑
able, online purchasing (i_buy), which is coded as 0 for
non‑adopters and 1 for adopters, making it appropriate
for binary regression analysis. The Probit model allows
for an evaluation of how various demographic and socio‑
economic factors contribute to the likelihood of engag‑
ing in online shopping, with themodel formulated to cap‑
ture these inϐluences systematically. The Probit model
can be formulated as follows:

P(i_buy = 1|X) = Φ(α+ β₁·age+ β₂·gender
+ β₃·maritals+ β₄·urban+ β₅·hhz

+ β₆·head_yos+ β₇·cellular+ β₈·income+ ε)
(1)

Φ represents the cumulative normal distribution
function, X denotes the set of independent variables, and
ε is the error term. The coefϐicient values for each inde‑
pendent variable indicate its inϐluence on the likelihood
of online shopping adoption.
• The second stage: Propensity Score Matching

(PSM) for Analyzing the Impact of Online Shopping
on Healthy Food Consumption.
To assess the impact of online shopping adoption

on healthy food consumption, this study employs the
Propensity Score Matching (PSM) method [25]. PSM is
particularly well‑suited for this analysis as it allows
for a nuanced examination of how demographic and
socio‑economic factors inϐluence online shopping behav‑
ior. This approach effectively reduces selection bias by
matching respondents who engage in online shopping
(treated) with those who do not based on similar char‑

acteristics, thus enabling a more reliable estimate of the
treatment effect. PSM is a robust choice for assessing the
impact of online shopping on healthy food consumption
because it matches online shoppers with non‑shoppers
who share similar backgrounds, mitigating confounding
effects. Additionally, using Radius and Kernel match‑
ing techniques strengthens the analysis by providing al‑
ternative matching methods that enhance the reliability
and depth of the ϐindings.

The PSM procedure consists of:

1. Estimation of Propensity Score
Estimating the probability of each respondent engag‑
ing in online shopping based on characteristic vari‑
ables (such as age, education, income, mobile owner‑
ship, etc.) is conducted using the Probit model.

2. Matching
Using two matching methods, namely Radius Match‑
ing and Kernel Matching, to pair each respondent
who engages in online shopping with those who do
not, based on their propensity scores.

3. Calculation of ATT (Average Treatment Effect on the
Treated)
Assessing the impact of online shopping on the per‑
centage of healthy food expenditure by calculating
the average difference between the treated and con‑
trol groups. This is formulated as follows:

ATT = E[Y(1)–Y(0)∣Z = 1] (2)

2.4. Research Framework

Socio‑economic factors such as age, gender, urban
versus rural residence, family size, education, cellular
ownership, and monthly income are pivotal in shap‑
ing access to, and interest in, online purchasing. Gen‑
der, for instance, often inϐluences shopping preferences
and behaviors, with studies indicating that women tend
to allocate a higher percentage toward online transac‑
tions than men [26]. Younger individuals are often more
adept at utilizing technology, making them more likely
to engage in online purchasing compared to older de‑
mographics [27]. Similarly, urban residents may have
better internet access and exposure to online shopping
platforms, enhancing their participation [28]. Income lev‑
els play a critical role as well; individuals with higher
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monthly incomes can afford more frequent and diverse
purchases. Education, a signiϐicant determinant of digi‑
tal literacy, impacts how consumers perceive the safety
and convenience of online food transactions [29]. Cellu‑
lar ownership, in particular, plays a crucial role in facili‑
tating online purchases, as mobile devices serve as pri‑
mary tools for accessing e‑commerce platforms. Addi‑
tionally, families with larger household sizes, including
childrenandelderlymembers, often face signiϐicant chal‑
lenges in improving their consumption patterns, partic‑
ularly in accessing online shopping because they have
to save for uncertain conditions [30]. Therefore, these
socio‑economic dimensions collectively create a founda‑
tion for engaging in online purchasing.

Research indicates that online food shopping may
inadvertently increase the consumption of low‑quality
foods, particularly among younger age groups who of‑
ten gravitate toward fast food and easily accessible un‑
healthy snacks [13]. The convenience offered by online
platforms, ampliϐied by aggressive marketing strategies
from food companies, creates additional hurdles for con‑
sumers striving to make healthier choices [14]. Within
the framework of the Technology Acceptance Model
(TAM), the perceived usefulness of online food shop‑
ping is elevated by its efϐiciency and accessibility, while
intuitive and user‑friendly interfaces enhance its per‑
ceived ease of use, especially among tech‑savvy younger
demographics [15]. These elements, combined with tar‑
geted advertising and personalized product recommen‑
dations, heavily inϐluence consumer preferences, steer‑
ing them toward low‑quality, readily available options
at the expense of healthier alternatives [14]. Therefore,
the consumption of healthy food is related to how con‑
sumers make purchases on online platforms. Based
on the aforementioned explanation, the research frame‑

work has been designed as illustrated in Figure 1.

Figure 1. Research framework.

3. Results and Discussion

3.1. Descriptive Statistic

Table 1 presents descriptive statistics for variables
related to respondent characteristics and experiences in
online shoppingbehavior andhealthy food consumption.
The ϐindings reveal that an average of 5%of respondents
make online purchases, with the proportion of spending
on healthy food accounting for 4.07% of total food ex‑
penditures and a standard deviation of 1.33%. This be‑
havior tends to be higher among older age groups, with
the average age of respondents being 52.17 years. The
majority of respondents are male (82%) and married
(77%). Married respondents typically have larger fam‑
ily sizes, which inϐluences their budget allocation. The
average family size in this study is 3.44 members. In
larger families, funds are more likely to be allocated to
basic needs, thus reducing the proportion available for
healthy food per familymember. Over half of the respon‑
dents reside in urban areas (52%), which grants them
greater access to mobile phones (63%) compared to re‑
spondents in rural areas. The education level of house‑
holds is also relatively high, with an average of more
than7years of schooling, and39%havegood internet ac‑
cess. Based on the average monthly household income,
respondents earn IDR 3,602,557, indicating signiϐicant
variation across the recorded income range from mini‑
mum to maximum.

Table 1. Descriptive statistic.

Variable Measure Mean Std. Dev.

Online purchasing Dummy variable, 1 if the respondent shops online; 0 otherwise 0.05 0.21
Healthy food Percentage of healthy food expenditure relative to total food expenditure 4.07 1.33
Age Age in years 52.17 13.45
Gender Dummy variable, 1 if male; 0 if female 0.82 0.39
Marital status Dummy variable, 1 if married; 0 otherwise 0.77 0.42
Urban Dummy variable, 1 if urban; 0 if rural 0.52 0.50
Family size Household size 3.44 1.52
Education Education level in years 7.51 4.52
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Table 1. Cont.
Variable Measure Mean Std. Dev.

Cellular ownership Dummy variable, 1 if owns a cell phone; 0 otherwise 0.63 0.48
Internet access Dummy variable, 1 if has internet access; 0 otherwise 0.39 0.49
Income Monthly income in Indonesian Rupiah (IDR) 3,602,557 3,448,417

3.2. Factors Inϐluencing Online Purchasing
Adoption: First Stage of the Probit
Model

In the ϐirst stage of the Probit model, we conducted
a model feasibility analysis, yielding a satisfactory ϐit in
explaining the factors inϐluencing online shopping adop‑
tion. The log‑likelihood value of −4084.5271 and an LR
chi2 (8) of 863.11, with a highly signiϐicant Prob > chi2
(0.0000), indicate that the independent variables in this
model collectively contribute signiϐicantly to the depen‑
dent variable. With a Pseudo R2 of 0.0956, this model
explains a portion of the variation in online shopping
adoption, though it is likely the inϐluence of other fac‑
tors outside the model that also affect individuals’ de‑
cisions to shop online. These ϐindings support the rel‑
evance of the variables used in this study to understand
the key factors in technology adoption behaviorwithin e‑
commerce. Signiϐicant factors determining online shop‑
ping adoption include household size, urban location,
gender, age, education level, mobile phone ownership,
and monthly income (see Table 2).

Family size can inϐluence online shopping behavior.
The ϐindings reveal that household size has a signiϐicant
negative relationship with online shopping adoption, in‑
dicating that individuals in larger families tend to shop
online less frequently. This ϐinding aligns with prior re‑
search suggesting that households with a larger number
of dependents, such as children and elderly members,
encounter signiϐicant obstacles in enhancing their con‑
sumption patterns, including engaging in online shop‑
ping. This is largely driven by the need to prioritize sav‑
ings to address potential uncertainties in the future [30].
Additionally, larger household members may have more
varied needs and preferences that are not always met
through online shopping, leading them to rely more on
in‑person purchases. Topino, Cacioppo and Gori [31] ex‑
plain that families with closer attachment patterns tend
to reduce online shopping as a compulsive activity, sug‑

gesting that larger families may exert stronger social in‑
ϐluences in controlling online shopping behavior. Fur‑
thermore, gender and age show a signiϐicant negative in‑
ϐluence. The results indicate that men are less likely to
choose online shopping thanwomen [32]. In otherwords,
the data suggest that women tend to allocate a higher
percentage toward online transactions than men. This
could be due to lifestyle differences between men and
women, with men in this sample more frequently shop‑
ping in person compared towomenwho aremore active
online [26]. This may indicate a gender gap in technology
access for shopping or differing priorities between the
two groups. Moreover, the negative inϐluence of age on
online shopping adoption is also supported by previous
studies. For instance, the Pew Research Center [33] notes
that younger generations adopt online shopping more
readily due to their familiarity with technology. Addi‑
tionally, difϐiculties in adapting to new technology can
be a barrier for older age groups to shop online [27].

Furthermore, living in urban areas, owning a mo‑
bile phone, having a higher education level, and greater
income are positively associated with online shopping
adoption. Urban location has a signiϐicant positive im‑
pact on e‑commerce adoption, consistent with prior re‑
search such as Li, Zeng and Ye [28], which found that bet‑
ter digital infrastructure in urban areas facilitates ac‑
cess to and adoption of online shopping. Online shop‑
ping adoption is also closely linked to mobile phone
ownership. Theoretically, residing in urban areas may
drive an increase in online shopping due to broader ac‑
cess to technology. This phenomenon can be analyzed
through the lens of the TAM, which elucidates how fac‑
tors such as perceived ease of use and perceived useful‑
ness inϐluence the adoption of technology [34]. According
to Chandrasekhar et al.  [35], mobile phones provide con‑
venient access to online shopping platforms, enabling
purchases anytime and anywhere. Mobile phone usage
enhances convenience, a primary driver of online shop‑
ping. The positive relationship between income and on‑
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line shopping adoption aligns with previous ϐindings,
such as those in Zatz et al. [36], which suggest that low‑
income households tend to shop online less frequently
compared to high‑income households. This indicates
that improved accessibility and resources increase the
likelihood of individuals opting for online shopping. Ed‑
ucation level has also proven to be a catalyst for online
purchases. This ϐinding aligns with research showing
that higher education levels of Vietnamese people often
enhance technological skills, ultimately encouraging in‑

dividuals to participate in functional foods online shop‑
ping [29]. Household heads with better educational back‑
grounds are more likely to embrace digital innovations,
including e‑commerce, as they better understand the
beneϐits, convenience, and time efϐiciency of online pur‑
chases. Additionally, marital status appears not to play
a signiϐicant role in inϐluencing the choice to shop online
in this study, indicating that whether one is married or
not does not substantially impact their online shopping
behavior.

Table 2. Factors inϐluencing online purchasing adoption: Probit model ϐirst stage.

Variables Coef. Std. Err. Z P > Z

Family size −0.056 0.013 −4.380 0.000***
Urban 0.168 0.035 4.760 0.000***
Marital status −0.021 0.055 −0.380 0.704
Gender −0.293 0.055 −5.310 0.000***
Age −0.027 0.001 −18.100 0.000***
Education 0.038 0.004 9.290 0.000***
Cellular ownership 0.914 0.227 4.020 0.000***
Income 5·E−08 3·E−09 15.610 0.000***
_cons −1.286 0.242 −5.320 0.000***
Log likelihood = −4084.5271
LR chi2(8) = 863.11
Prob > chi2 = 0.0000
Pseudo R2 = 0.0956
Number of obs = 12514

Note: ≤ 0.01.

3.3. Impact of Online Shopping on Healthy
Food Consumption: Second Stage with
PSM

In the next stage of analysis, this study evaluates
the impact of online shopping on healthy food consump‑
tion using the PSM method with two matching tech‑
niques, namely Radius Matching and Kernel Matching.
Table 3 shows a signiϐicant negative relationship be‑
tween online shopping and healthy food consumption.
The ATT value of −0.175 in both methods indicates that
those who shop online tend to allocate a lower percent‑
age to healthy food compared to those who do not. This
behavior may be linked to impulsive tendencies often
observed in consumers while shopping online, particu‑
larly for snack or fast‑food categories high in sugar, salt,
and fat [37]. Research suggests that convenience, ease of
transaction, and the wide availability of product options
are key reasons consumers choose to buy less healthy

foods [38]. These results are statistically signiϐicant, indi‑
cating that online shopping inϐluences changes in food
consumption patterns, potentially leading consumers to
favor less healthy food options. These ϐindings imply
that online shopping may affect consumer preferences,
which can have an impact on their dietary habits and
overall health.

The study by Karimi, Papamichail and Holland [5]

found that online shopping can inϐluence consumption
patterns by providing consumers with opportunities to
make more informed purchasing decisions. Through
the wide variety of choices available online, consumers
can easily compare nutritional information, prices, and
more [6]. However, according to Jansen, van Kleef and
Van Loo [9], this convenience does not necessarily en‑
courage consumers to choose healthier foods. This is
due to several factors, such as the higher price of healthy
foods, which drives consumers to opt for processed
products and cheaper fast foods, especially among low‑
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income groups [39]. Additionally, the inϐluence of fre‑
quent promotions and discounts on less healthy prod‑
ucts, along with exposure to digital advertising for con‑
venient foods, also impacts impulsive shopping behav‑
iors, particularly for quick and easy‑to‑access ready‑to‑
eat foods [40]. Furthermore, on online platforms, healthy

foods are not always displayed attractively or prioritized
in recommendations, causing these options to be fre‑
quently overlooked [41]. These factors indicate that, de‑
spite the easeof accessprovidedbyonline shopping, con‑
sumer preferences for healthy foods remain limited by
practicality, price, and exposure to digital advertising.

Table 3. Impact of online purchasing on healthy food consumption: PSM second stage.

Matching Method ATT Std. Err. T

Radius matching −0.175 0.043 −4.076***
Kernel Matching method −0.175 0.06 −2.936***

Note: *** ≤ 0.01.

4. Conclusions and Implication

4.1. Conclusions

This study assesses the impact of online shopping
behavior on healthy food consumption among commu‑
nities in East Java, Indonesia. Using survey data from
12,514 respondents, the study applies a comprehensive
analytical approach, employing both the Probit Model
and PSM. The research identiϐies several key factors in‑
ϐluencing household decisions to shop online, includ‑
ing household size, place of residence, gender, age, ed‑
ucation level, mobile phone ownership, and monthly in‑
come. The ϐindings reveal that living in urban areas, hav‑
ing a higher education level and income, and owning a
mobile phone are positively associatedwith the decision
to shop online. Conversely, households with more mem‑
bers, males, and older individuals tend to shop online
less frequently. Additionally, the analysis shows a sig‑
niϐicant negative impact between online shopping and
the proportion of healthy food consumption within to‑
tal household expenditure. The ATT results indicate that
households engaging in online shopping tend to allocate
a lower percentage of their budget to healthy foods com‑
pared to those who do not, possibly due to a preference
for more accessible yet less nutritious foods.

4.2. Theoretical Implication

The ϐindings of this study offer signiϐicant theoreti‑
cal implications for understanding the evolving relation‑
ship between digital consumer behavior and nutritional

economics in developing regions. The observed negative
correlation between online shopping and healthy food
consumption challenges traditional economic theories
that posit increased access and convenience as drivers of
improved welfare, including dietary quality. This para‑
dox highlights the need to reϐine behavioral economic
models to account for the nuanced inϐluences of digi‑
tal platforms on consumer preferences, particularly in
emerging markets where online marketplaces often pri‑
oritize affordability and convenience over nutritional
value. Moreover, the demographic determinants—such
as education, income, andurban residence—support the
relevance of socio‑economic and cultural factors in shap‑
ing digital consumption patterns. These insights call
for an interdisciplinary approach, integrating theories
from behavioral economics, public health, and technol‑
ogy adoption, to better capture the complex interplay
between online shopping behaviors and household food
consumption. Understanding these dynamics could in‑
form targeted interventions and policies to leverage the
digital economy for promoting healthier consumption
practices in similar socio‑economic contexts.

4.3. Policy Implication

Based on these ϐindings, the following policy im‑
plications are relevant for promoting healthy food con‑
sumption in the digital age. First, the government could
develop policies focused on providing targeted subsi‑
dies and discount programs for healthy food products on
online shopping platforms, particularly for low‑income
and less‑educated communitieswho tend to allocate less
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budget for healthy foods. Second, in urban areas where
online shopping ismore common, educational campaign
programs targeting urban households through digital
ads and social media could raise awareness about the
importance of choosing nutritious foods when shopping
online. Additionally, policies to improve internet access
in rural areas could support the affordability of healthy
foods in these regions, making it easier for rural com‑
munities to purchase nutritious products. A technology‑
based approach that includes nutritional information
on online shopping platforms would greatly assist con‑
sumers, especially those with limited education, in mak‑
ing healthier food choices. In this way, policies focused
on these aspects would support a shift towards health‑
ier and more sustainable consumption patterns across
all regions.

5. Limitations and Future Re‑
search Directions
This study has several limitations, which offer op‑

portunities for future research recommendations. First,
the geographical scope limited to East Java Province con‑
strains the generalizability of these ϐindings to other
regions; therefore, future studies should encompass a
broader area or conduct inter‑regional comparisons to
achieve a more comprehensive understanding. Addi‑
tionally, the use of cross‑sectional surveys restricts this
study’s ability to capture dynamic changes in healthy
food consumption behavior, making longitudinal studies
highly valuable for analyzing shifts in consumption pat‑
terns over time. The limitations in analysis methods, in‑
cluding the Probit Model and PSM, restrict the capacity
to account for unobserved external factors that may in‑
ϐluence online shopping adoption, potentially introduc‑
ing residual confounding effects. Speciϐically, the PSM
approach, while robust, has inherent limitations in ad‑
dressing unobserved confounders that could inϐluence
both the likelihood of online shopping and healthy food
consumption. This study acknowledges that unmatched
cases and imperfect balance between treated and con‑
trol groups could impact the reliability of the results. Fu‑
ture studies could consider multi‑method approaches,
such as in‑depth interviews or experiments, to comple‑

ment survey ϐindings and better address unobservable
factors. Using Machine Learning Methods for Robust
Matching offers many advantages, as these methods are
designed to address challenges and complexities in the
data matching process. Additionally, this study does not
delve into the types of foods more frequently chosen
or avoided in online shopping. Future research could
explore speciϐic product categories and the impact of
product placement and promotions on digital platforms.
Digital interventions, such as educational campaigns or
health labels on e‑commerce platforms, could also be
studied to assess their effectiveness in encouraging con‑
sumers to choose healthier foods. Furthermore, expand‑
ing socio‑economic variables to explore the impact of so‑
cial and cultural norms on healthy food preferences on
online platforms would provide a more nuanced under‑
standing of consumer behavior in digital marketplaces.

Author Contributions

All authors contributed equally.

Funding
This research received no external funding.

Institutional Review Board State‑
ment

Not applicable.

Informed Consent Statement

Informed consent information can be accessed at
the ofϐicial website of the data source: https://www.
rand.org/well‑being/social‑and‑behavioral‑policy/da
ta/FLS/IFLS.html.

Data Availability Statement

The data can be accessed at: https://www.rand.o
rg/well‑being/social‑and‑behavioral‑policy/data/FLS
/IFLS.html.

432

https://www.rand.org/well-being/social-and-behavioral-policy/data/FLS/IFLS.html
https://www.rand.org/well-being/social-and-behavioral-policy/data/FLS/IFLS.html
https://www.rand.org/well-being/social-and-behavioral-policy/data/FLS/IFLS.html
https://www.rand.org/well-being/social-and-behavioral-policy/data/FLS/IFLS.html
https://www.rand.org/well-being/social-and-behavioral-policy/data/FLS/IFLS.html
https://www.rand.org/well-being/social-and-behavioral-policy/data/FLS/IFLS.html


Research onWorld Agricultural Economy | Volume 06 | Issue 01 | March 2025

Conϐlicts of Interest
The authors declare no conϐlict of interest.

References
[1] McKinsey & Company, 2022. The next S‑curve of

growth: Online grocery to 2030. Available from:
https://www.mckinsey.com/industries/retail/o
ur‑insights/the‑next‑s‑curve‑of‑growth‑online‑g
rocery‑to‑2030 (cited 25 Aug 2024).

[2] Kim, H., Suh, K.S., Lee, U.K., 2013. Effects of collab‑
orative online shopping on shopping experience
through social and relational perspectives. Infor‑
mation and Management. 50(4), 169–180.

[3] Ammann, J., Ritzel, C., El Benni, N., 2022. How did
the COVID‑19 pandemic inϐluence health‑related
behaviour? An online survey on food choice, phys‑
ical activity and changes in body weight among
Swiss adults. Food Quality and Preference. 100,
104625.

[4] Santik, E., 2023. Pandemi Covid‑19 Membuat
Sebagian Warga Dunia Ubah Pola Makan [The
Covid‑19 Pandemic Has Changed the Eating Habits
of Some People Around theWorld]. Available from:

https://databoks.katadata.co.id/layanan‑konsu
men‑kesehatan/statistik/b0d06e9192a7548/pa
ndemi‑covid‑19‑membuat‑sebagian‑warga‑dun
ia‑ubah‑pola‑makan (cited 26 November 2024).

[5] Karimi, S., Papamichail, K.N., Holland, C.P., 2015.
The effect of prior knowledge and decision‑making
style on the online purchase decision‑making pro‑
cess: A typology of consumer shopping behaviour.
Decision Support Systems. 77, 137–147.

[6] Vandevijvere, S., Vermote,M., Egnell, M., et al., 2020.
Consumers’ food choices, understanding and per‑
ceptions in response to different front‑of‑pack nu‑
trition labelling systems in Belgium: Results from
an online experimental study. Archives of Public
Health. 78(30), 1–9.

[7] Zhang, S., Luan, H., Zhen, F., et al., 2023. Does on‑
line food delivery improve the equity of food acces‑
sibility? A case study of Nanjing, China. Journal of
Transport Geography. 107, 103516.

[8] Musa, S.F.P.D., Haji Besar, M.H.A., Anshari, M., 2023.
COVID‑19, local food system and digitalisation of
the agri‑food sector. Journal of Indian Business Re‑
search. 15(1), 125–140.

[9] Jansen, L., van Kleef, E., Van Loo, E.J., 2021. The
use of food swaps to encourage healthier online
food choices: A randomized controlled trial. Inter‑
national Journal of Behavioral Nutrition and Physi‑
cal Activity. 18(1), 156.

[10] Partridge, S.R., Gibson, A.A., Roy, R., et al., 2020.

Junk food on demand: A cross‑sectional analysis
of the nutritional quality of popular online food de‑
livery outlets in Australia and New Zealand. Nutri‑
ents. 12(10), 1–16.

[11] Badan Pusat Statistik [Central Statistics Agency].
Jumlah PendudukmenurutWilayah, Daerah Perko‑
taan/Perdesaan, dan Jenis Kelamin [Population by
Region, Urban/Rural Area, and Gender], INDONE‑
SIA, 2022. Available from: https://sensus.bps.go.
id/topik/tabular/sp2022/187/1/0 (cited 14 Nov
2024). (in Indonesian).

[12] The East Java Health Department, 2021.
Health Proϐile 2021. Available from: https:
//dinkes.jatimprov.go.id/userfile/dokumen/PR
OFIL%20KESEHATAN%202021%20JATIM.pdf
(cited 14 Nov 2024). (in Indonesian).

[13] Yau, A., Law, C., Cornelsen, L., et al., 2023. Associ‑
ation between household online grocery delivery
service use and food and drink purchase behavior
in England: Cross‑sectional analysis. JMIR Public
Health Surveill. 9(1), e41540.

[14] Thaichon, P., Quach, T.N., 2016. Online marketing
communications and childhood’s intention to con‑
sume unhealthy food. AustralasianMarketing Jour‑
nal. 24(1), 79–86.

[15] Ligaraba, N., Nyagadza, B., Dӧrϐling, D., et al.,
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