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Abstract. COVID-19 occurs all over the world and affects all aspects, including social
aspects where regulations on social limitations are applied. On the other hand, the in-
fluence of social factors is one factor that significantly influences the purchase intention
factor. Therefore, this study attempts to analyze how social factors influence purchase
intention during the COVID-19 pandemic, which is still happening at the time of data
collection. As a sample in the study, there were 471 respondents from one of the largest
electronic commerce companies in Indonesia. The data analysis process uses structural
equation modeling and partial least square (SEM-PLS) using the Warp PLS application.
Apart from that, this study also looks at how gender, age, and longtime use application
factors affect social influence and purchase intention factors. The results of this study
found that during the COVID-19 pandemic, social factors influenced the purchase in-
tention of customers. Likewise, gender, age, and length of time using the application
significantly affect social and purchase intention factors. The results of this study are
beneficial for the customer service development of electronic commerce in the future.
Keywords: COVID-19, Social influence, Purchase intention, Warp PLS, Electronic
commerce

1. Introduction. The COVID-19 pandemic that is occurring around the world is cur-
rently changing the lifestyle of all people, including in Indonesia. In conditions of epidemic
still occurring, this research was conducted. There is an Indonesian government regulation
known as PSBB (large scale social restriction) and PPKM (public activity restrictions)
limiting the space for people to move in social activities for school, work, or shopping [1,2].
On the other hand, the social influence factor is an essential factor and a factor that can in-
fluence a person’s purchase intention [3-5]. Previous research reports that there is a shift in
the way people shop in Indonesia from face-to-face to technology-based [6,7] and shopping
using electronic commerce during the COVID-19 pandemic [8,9]. This study aims to see
the social influence on shopping interest in one of Indonesia’s most considerable electronic
commerce during the pandemic with the PSBB (large scale social restriction) and PPKM
(public activity restrictions) regulations. Previous research on purchase intention states
that fear during a pandemic affects buying interest [10]. In other research on purchasing
via electronic commerce during a pandemic [11-13], and during the lockdown situation,
people show interest in buying for certain brands [14]. This study aims to see the influence
of social influence at the time of the pandemic. PSBB (large scale social restriction) and
PPKM (public activity restriction) are imposed by the COVID-19 pandemic on purchase
intention factors, especially for one of the largest e-commerce in Indonesia customers. The
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471 electronic commerce customers became respondents of this study. This research was
conducted using quantitative methods with SEM-PLS techniques and using Warp PLS
3.0 for data processing. The results of the calculations show that during the COVID-19
pandemic, there were limitations to socializing physically. However, the social influence
factor still strongly influenced the purchase intention with a value of 65.3%. Writing this
paper begins with a background that explains the situation and problems that exist as
well as research questions, methods used to conduct research, research results, discussion
and the last is the conclusion.

2. Methodology, Research Model Development, and Data Source. This research
uses quantitative methods, using semantic equation modeling and partial least square
(SEM-PLS) techniques. This technique uses to see the impact or influence of social factors
on buying electronic commerce customers and the data analysis process facilitated by
Warp PLS 3.0 [15,16]. Exhibiting in Figure 1 is the research model.

Figure 1. Research model

2.1. Research model development. Humans are social creatures; in the day, they will
continue to socialize. At present, there are many ways to carry out socialization in today’s
era, not only face-to-face but can also be done online through social media (Line, What-
sApp, Facebook chat, etc.) or even on chat pages in e-commerce applications [17]. Social
factors are very influential for a person because these factors can impact decision-making,
such as the example to purchase products [18,19]. Interestingly, this data research collec-
tion was carried out during the COVID-19 pandemic, when the Indonesian government
enforced the PSBB (large scale social restriction) regulation, including in Jakarta. With
this enforcement, all face-to-face social activities are minimal, including in offices, because
there are limited employees present so that all residents feel the limitations of social activ-
ities. On the other hand, there are restrictions on social activities or activities in shopping
places. Based on the report from the research results, there has been a change in how to
shop in the community using online purchases [20]. It can also be seen from the reports
on the number of accesses (clicks) to electronic commerce in Indonesia [6] (Shopee 93.44
million clicks, Tokopedia 86.1 million clicks). Therefore, this study tries to see how the
influence of social factors on purchase intention factors that occur in electronic commerce
when the COVID-19 pandemic occurs. The hypothesis in this study is whether social
relationships influence purchase intentions during COVID-19 in terms of gender, age, and
longtime use (LTU) in electronic commerce.

2.2. Data source. The survey was conducted from October 2020 to January 2021. At
the time, the PSBB was still in effect or regulations that limited physical meetings, so
it is not possible to collect data directly from electronic commerce customers, and data
collection is carried out by using a google form and distributing the google form link
on WhatsApp both to groups and individuals. The data used in this study were 471
respondents, and data collection used the snowball sampling technique which is sometimes
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Table 1. Respondent

Gender Age/years old (YO) Longtime use (LTU)
Male 213 (45.2%) 17-24 YO 237 (50.3%) < 6 months 25 (5.3%)
Female 258 (54.8%) 25-34 YO 76 (16.1%) 6-12 months 83 (17.6%)
Total 471 (100%) 35-44 YO 114 (24.2%) 1-3 years 235 (49.9%)

> 44 YO 44 (9.4%) > 3 years 128 (27.2%)

called chain referral or respondent-driven sampling. This method is often used for research
related to people or organizations [21]. Table 1 shows the data respondent statistics.

2.3. Social factor. Social factor is a factor for describing social interaction. Social inter-
action reflects the intrinsic demand of human life and the motivation of behavior. It was
found that, the sellers who benefited the most in a social trading environment were sellers
who have more access to users [22]. This is due to the effect of grouping the characteris-
tics and behavior of community users. Their buying behavior tends to be influenced by
their friends around them [23] and the retail systems [24]. Social influence based on the
subjective norm describes the influence of people who are essential to the subject making
decisions, even if these other views go against the buyer’s views in terms of the purchase
[25]. Therefore, this concept has been linked directly with online buying, adding social
factors to it [26].

3. Results. The results of data processing calculations using Warp PLS can be seen in
Figure 2.

Figure 2. Research calculation result

The resulting test of this structural model looks at the R-squared value (the goodness
of the model). The results show that the R-squared value on the purchase intention (PI)
variable influenced by a social factor (SF) is 0.62. It means the exogenous latent variable
in this study SF, can influence the PI by 62% or in other words, this research model.
Classified as strong, this is assessed from the coefficient of determination R-squared 0.75,
0.50, and 0.25 for each endogenous latent variable in the structural model, which means
substantial, moderate, and strong.
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3.1. Fit model. The fit model in the PLS Warp program can be seen from the value
based on the fit index model and p-value, namely, 1) the average path coefficient (APC)
has a p-value < 0.05, 2) average R-squared (ARS) has p-value < 0.05 and 3) the average
block variance inflation factor (AVIF) has a score of 4.092 (< 5), and the ideal score is
3.3. The validity and reliability test results are exhibited in Table 2.

Table 2. Validity and reliability result

Factor SF PI Gender Age LTU Gender*SF Age*SF LTU*SF p-value
SF1 0.737 < 0.001
SF2 0.754 < 0.001
SF3 0.856 < 0.001
SF4 0.839 < 0.001
SF5 0.848 < 0.001
SF6 0.807 < 0.001
PI1 0.828 < 0.001
PI2 0.864 < 0.001
PI3 0.881 < 0.001
PI4 0.843 < 0.001

Gender 1.000 < 0.001
Age 1.000 < 0.001
LTU 1.000 < 0.001

Gender*SF1 0.738 < 0.001
Gender*SF2 0.750 < 0.001
Gender*SF3 0.816 < 0.001
Gender*SF4 0.813 < 0.001
Gender*SF5 0.812 < 0.001
Gender*SF6 0.762 < 0.001
Age*SF1 0.729 < 0.001
Age*SF2 0.726 < 0.001
Age*SF3 0.816 < 0.001
Age*SF4 0.813 < 0.001
Age*SF5 0.812 < 0.001
Age*SF6 0.762 < 0.001
LTU*SF1 0.710 < 0.001
LTU*SF2 0.713 < 0.001
LTU*SF3 0.857 < 0.001
LTU*SF4 0.804 < 0.001
LTU*SF5 0.848 < 0.001
LTU*SF6 0.745 < 0.001

Table 2 shows that all the values are above 0.5 and the p-value is < 0.05, which means
all factors are declared valid, and the indicators are declared fit.
From Table 3, the fit indices and p-values model section display the results of three

fit indicators, namely the average path coefficient (APC), average R-squared (ARS), and
average block variance inflation factor (AVIF). The p-value given for the APC and ARS
indicators must be less than 0.05 or be significant. In addition, AVIF as an indicator
of multicollinearity must be less than 5. The criteria for the goodness of fit model have
been met, namely with an APC value of 0.241 and ARS 0.617 and significant. The AVIF
value of 4.092 (< 5) has also met the criteria. Composite reliability and Cronbach’s alpha
> 0.7 which means that all factors are reliable. Apart from that, the AVE value is 0.653
(> 0.5), which means that the factors in the model influence 65.3%, and 34.7% are other
factors. Apart from that the average block variance inflation factor (AVIF) value is 4.092
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Table 3. R2, composite reliability, Cronbach’s alpha, and AVE

Factor SF PI Gender Age LTU Gender*SF Age*SF LTU*SF
R-squared 0.617

Composite reliability 0.918 0.915 1.000 1.000 1.000 0.918 0.901 0.904
Cronbach’s alpha 0.893 0.876 1.000 1.000 1.000 0.892 0.868 0.871

Avg. var. extract (AVE) 0.653 0.730 1.000 1.000 1.000 0.651 0.604 0.611
Full collin VIF 3.231 2.888 1.042 1.250 1.030 1.021 1.460 1.034
Q-squared 0.619

(< 5), while the APC value is 0.241 with a p-value < 0.001 and an ARS value = 0.617
with a p-value < 0.001. The implication obtained from the results is that social factors
influence 91.8% of purchase intention. This social factor uses as a variable that has an
important role, with the moderation of gender, age, and longtime use. For example,
during a pandemic, many e-commerce sites are targeted by people to buy a product.
Social factors here have a role in purchase intention. It shows in the R2 (R-squared)
value. The value of composite reliability indicates the value of reliability. The social
factor is reliable on purchase intention, meaning that the social factor has a consistent
effect when reviewed for questionnaires distributed on purchase intention. Besides that,
the AVE value describes the amount of variance or variety of manifest variables that latent
constructs can have. Thus, the greater the variance or variety of manifest variables that
can be contained by latent constructs, the greater the manifest variable representation of
the latent constructs. In this study, the AVE value was below 10, which means that all
variables in this study were valid. A minimum AVE value of 0.5 indicates a good measure
of convergent validity. That is, latent variables can explain an average of more than half
the variance of the indicators. AVE value is obtained from the sum of the loading factor
squares divided by the error. AVE is used to measure the reliability of the latent variable
component score, and the results are more conservative than composite reliability (CR).

3.2. Direct influence. The results of calculations use the Warp PLS application. Warp
PLS is a software application developed by Ned Kock using the Matlab compiler and
Java. This software can analyze variant-based SEM models or better known as partial
least square. The SEM analysis model with Warp PLS can identify and estimate the
relationship between latent variables, whether the relationship is linear or non-linear.
The research result shows a direct influence on gender, age, and duration of use, which is
shown in Figure 2 of explanation of the social influence (SF) on purchase intention (PI).
Means, influenced by age, has the greatest value of 0.08 (8%) followed by gender with a
value of 0.07 (7%), and the last is the longtime use (LTU) of 0.02 (2%).

3.3. Indirect influence. Testing of this structural model is carried out by looking at
the R-squared, which is the goodness fit model test. The results show that the R-squared
value of the PI variable influence SF is 0.62. It means that the exogenous latent variable
in this study influences the PI by 62%. In other words, this research model is classified as
strong, based on the coefficient determination of R-squared 0.75, 0.50, and 0.25 for each
endogenous latent variable in the structural model that can be interpreted as substantial,
moderate, and strong. In Figure 2, it shows the estimated direct effect by looking at the
value of β = 0.80 and p-value (p < 0.05 means significant). The coefficient of determina-
tion (determinant)/KD can be obtained with the formula KD = R2 × 100% where R =
0.80, and then it can be obtained KD = (0.80)2 × 100% = 0.64 × 100% = 64%, showing
that the SF variance of 64% can be explained by the PI. The indirect effect can be seen
in Table 3, by looking at the magnitude of the Cronbach’s alpha value where the largest
value is age with a value of 0.868 (86.8%) followed by a longtime use with a value of
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0.871 (87.1%) and finally gender with a value of 0.892 (89.2%). It can be interpreted that
indirect influence has a bigger role in buying decisions.

4. Discussion. This section describes the findings obtained from the SEM-PLS tech-
nique using the Warp PLS 3.0. This research found that during the COVID-19 pandemic,
with the enforcement of PSBB (large scale social restriction), no direct or face-to-face
social activities, social influence was an important thing that influenced customers’ pur-
chase intention using electronic commerce (online). It happens because social behavior
(physically or online) effectively performs online [17,19], which means during the COVID-
19 pandemic situation, there has been a change in social activities for customer electronic
commerce, which is carried out online or behavioral changes [27].
Apart from that, it was also found that electronic commerce customer age is a factor

that can influence both, directly and indirectly, the decision to buy during the COVID-
19 pandemic. Another thing supporting this study’s findings is that Internet usage in
Indonesia has increased [28], which means social activities performed using social media
efficiently.

5. Conclusion. The conclusion obtained from this study is that the social factor (SF)
has an essential role in purchase intention (PI). Although there is a PSBB where people
are socially limited to meeting face-to-face with technology, social activities can happen
online. It is concluded that online social behavior has an influence on purchase intention
during the COVID-19 pandemic. The age factor is a factor that can control the social
influence on purchase intention, either directly or indirectly.
This study still has an unknown influence factor of 34.8%, so it is possible to conduct

further research to discover other factors. Besides that, the online shopping habits of
Indonesians during the COVID-19 pandemic, which used impression data from Google
Analytics, contained several interesting highlights about the increased interest in products,
namely health products, homework, food, and beverages. This is the primary need of
people in Indonesia and of course, related to social factors.
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