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Abstract: This study firstly aims to understand how social networking site usage results in online
social capital formation, considering two different types of social networking sites (SNS)—LinkedIn
and Facebook. It further aims to investigate if the process varies among different social networking
sites or remains uniform. This study also validates two prominent scales, namely the Facebook
Intensity Scale (FIS) and the Internet Social Capital Scale (ISCS). A structured questionnaire was
administered through various social media platforms resulting in a total of 329 valid responses (167
LinkedIn users and 162 Facebook users). Applying the partial least squares method of structural
equation modelling, it was found that social networking site use results in the formation of both
online-bonding and online-bridging social capital for both types of SNS. Further, moderation analysis
results show that the type of SNS platform does not affect the relationship between SNS intensity and
online social capital. This implies that users’ social capitals are dependent on how they use an SNS.
These findings have both practical and academic implications. They provide new insights into the
usage, intensity, and online social capital that should be beneficial for commercial purposes. In terms
of academic contribution, this research contributes to the scarce studies that have considered SNSs
other than Facebook and also compared two SNSs. It further confirms the social capital theory in the
field of online networking.

Keywords: online-bonding social capital; online-bridging social capital; social networking sites; Face-
book; LinkedIn; moderation analysis; partial least squares structural modeling; Facebook Intensity
Scale; Internet Social Capital Scale

1. Introduction

Formation of a cyber-society is a reality today because of the proliferation of com-
munication technologies. An intrinsic component of these societies is social networking
sites (SNS), that allow users to perform actions that were not possible in offline/physical
networks. They provide the tools to connect with new users as well as maintain ties with
past acquaintances. In the last decade, the use of SNSs has grown tremendously and
touched the lives of a large number of people across the world. Studies show that SNSs
enhance the efficiency of social networking and bring “latent benefits” to the users [1–3].
These latent benefits have been shown to accrue in the form of online social capital, which
is found to be embedded in the theory of social networking. The literature has shown
the benefits of social capital in providing access to diverse resources and information to
individuals as well as enterprises. Further, social capital has also proved to be of great
potential in attaining enterprise and national goals sustainably. Like physical networking,
online networking also results in social capital that brings multiple benefits to network
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members that are not just notional but also tangible [4–6]. This article will add a new
dimension to the recent works on online social networking [7–10].

Undoubtedly, the most popular SNS is Facebook, focused mainly on relationship
creation and maintenance. Over the years, other SNSs have emerged that have tried to
be specific in their approach, targeting special types of interests or users. One of these
categories is the professional SNSs that focus on connecting users for professional needs.
LinkedIn is the most prominent in this category. In social capital research entailing SNSs,
Facebook has attracted the maximum attention of researchers [11–13] compared to other
SNSs [14–16]. Comparative studies are even fewer [17–19]. This study tries to address both
gaps. First it aims to understand the role of SNS intensity in online social capital formation.
Second, it also tests if different categories of SNS affect online social capital formation. The
research questions addressed in this study are listed below:

RQ1. What is the role of SNS intensity in online social capital formation?
RQ2. Does online social capital formation vary in different types of SNS?

The paper organization is as follows. Theoretical framework and hypothesis are
discussed in Section 2. Materials and methods are described in Section 3. Section 4 presents
the results. Discussion and conclusions are included in Sections 5 and 6, respectively.

2. Theoretical Framework and Hypothesis
2.1. SNS Intensity

SNS intensity is a term used to depict the use of an SNS by a user and has been found to
influence various outcomes such as social capital, psychological well-being, belongingness,
and other benefits. SNS intensity has been defined differently. The author of [20] defines
SNS intensity as “the frequency and duration of use on a particular SNS”. Upadhyay and
Khemka [21] describe it as “the frequency and duration of SNS use measured by the time
spent on these sites or by the frequency of their posts”. The authors of [22] define SNS
intensity as “the general level of activity on a SNS”. This may include the frequency of
posts, comments, likes, and duration spent on SNSs and their SNS activities. Research
in [23] defines SNS intensity as “the amount of time and effort a person puts into using
social networking sites (SNS)”. The authors of [24] define SNS intensity as “the amount
of time an individual spends on online activities such as using Facebook, Twitter, etc”.
Another definition of SNS intensity is given by [25]. They describe it as, “the degree of
usage and engagement with SNS”. In summary, SNS intensity is a function of the use of
and behavior towards an SNS. SNS intensity has been included in multiple studies with
varying measurement scales.

2.2. Online Social Capital

The term social capital was originally coined by Hanifan [26] and later conceptualized
by different researchers [4,5,27–29]. Researchers have shown that social capital also forms
through social networking sites [1]. Specific names have been attributed to this type of
social capital, such as “digital social capital” [30], social media capital [31], and online
social capital [32]. The latter is the most popular. Online social capital is defined as, “all
communications and resources available through the Internet” [33]. It is also defined
as, “specific manifestation of social capital in the network environment and is a resource
that individuals can obtain through interpersonal interactions on SNSs” [34]. Applying
Putnam’s classification of social capital into bonding and bridging, [35] classified online
social capital into online-bonding and online-bridging social capital. The authors of [36]
mention that these two types of social capital can be differentiated by two aspects: tie
strength and type of resources provided. Research in [23] calls social capital, “an intangible
asset that can be gained through interactions with others”. Sajuria [24] describes social
capital as, “resources and benefits derived from social networks”.
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2.2.1. Online-Bonding Social Capital

Online-bonding social capital is formed between “tightly knit, emotionally close
relationships for high recognition and mutual goals” [37]. The authors of [38] highlight that
“bonding social capital is more exclusive, reinforces identities”. The ties in this social capital
require cost and time. Bonding social capital is a source of emotional support [39–41].
Researchers have called this social capital “inner kind of associations” which are capable of
providing “spiritual upliftment” [42,43]. It contains strong ties that “provide reciprocity,
solidarity, and emotional support” [44]. The authors of [38] mention that bonding social
capital “brings together similar people and captures individual’s close network”. Bonding
social capital is characterized by “higher level of trust and intimacy” [36]. It consists of
close networks with members having some form of similarity [45]. The authors of [46,47]
mention that intense actions that may be performed in SNSs help in developing more
“intense and close relationships”, and [48] argue that online media allows the meeting of
like-minded individuals that result in bonding social capital.

2.2.2. Online-Bridging Social Capital

This type of social capital refers to, “the values and resources embedded in the het-
erogenous social networks, which contains weak ties” that mainly help in acquiring “new
and diverse information”. This social capital results from weak or distant ties that mainly
contribute to access to extensive and novel information [49]. A trait of this social capital
is that there is diversity in the network members. Bridging social capital represents the
breadth of a network rather than its depth. Compared to bonding social capital, it is less
costly and time-intensive but is not a source of any emotional support [50]. The authors
of [11] mention that bridging social capital is easy to manage because of low cost. Bridging
social capital is a result of “relationship maintenance behaviors” [19,51]. The authors of [48]
mention that “the anonymity of online communication” helps in the accrual of bridging
social capital. Bridging social capital results from the connection of “different clusters
within a network” [36]. Online networking allows connections with unknown people and
also develops ties that result in the creation of “bridging social capital” [52].

2.3. Research Hypotheses

Online activities and usage intensity are responsible for the accumulation of online social
capital [33,53–59]. A positive and significant relationship between SNS intensity and online
social capital has been reported in several studies that involved Facebook [2,17,32,36,50]. Few
studies involved other SNSs such as Renren [18]; MySpace [60]; LinkedIn [2]; WeChat [61];
and WhatsApp [17]. Similar results were reported in these studies as well.

The author of [62] reviewed 116 studies that investigated the relationship between
SNS use and bonding social capital. He found that 85 studies supported this relationship.
Bridging social capital was not included in this review. Ellison and others are seen to be the
pioneers in online social capital research. Their main focus was on Facebook. The authors
of [43] studied 286 undergraduate students from a single university and confirmed that
Facebook intensity affects both bonding and bridging social capital. They highlighted that
the effect was stronger for bridging social capital. The authors of [1] studied the relationship
between Facebook intensity and bridging social capital. They found a strong relationship
between Facebook intensity and bridging social capital.

The authors of [21] found a direct and positive relationship between SNS intensity
and online-bonding as well as online-bridging social capital. They also reported a positive
correlation between bridging and bonding social capital. The author of [20] confirmed that
user motivations and SNS-use intensity directly influence both types of social capital. The
results of this study indicate that user motivations and usage intensity have a direct effect
on both dimensions of social capital for all users. Additionally, formation motivation was
found to positively affect public self-disclosure among male users, while usage intensity
mediated the positive effects of user motivations on public self-disclosure for both groups.
Finding a significant relationship between SNS use and online social capital, [22] explained
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that social capital measures the connectedness of individuals or groups that may be both
direct (e.g., friendships) or indirect (e.g., friend of friend). The authors of [23] also confirmed
the relationship and found that the duration of SNS use had a direct relationship with the
dimensions of social capital. The studies in [63,64] were both based in Pakistan, finding
similar results as mentioned earlier.

The authors of [24], using SNS-use data from three events, found a strong influence
of SNS use (Twitter) and both social capitals. They further suggested that online ties are
more effective in creating bonding social capital than bridging social capital. The author
of [25] found that media capabilities of smartphone-based SNSs influence both bridging
and bonding social capital. They used a convenience sample of 258 responses from users
who accessed SNS using smartphones. The authors of [40] studied the relationship between
gamers’ usage of an online game and their social capital formation. They found a direct
relationship between online gaming and both types of social capital. The authors of [65]
confirmed the relationship between social media use and both types of social capital.
They also found that social capital was thus formed. The authors of [36] found that
communicative use and self-disclosure on SNS are positively related to bonding and
bridging social capital. They conducted a survey in Hong Kong in two waves comprising
1141 respondents in the first wave and 813 respondents in the second wave. They also
found that “friending activities” are more positively related with bridging social capital
than bonding social capital. Further, both types of social capital influenced a higher quality
life indicator.

You and Hon [66] investigated the relationship between Facebook-use intensity and
social capital on a sample of 545 respondents from USA. They found that Facebook use does
influence both social capitals. However, they reported some distinctions in the two capitals.
Those users who are active with strong ties require emotional support from the network,
whereas those who are active with weak ties are concerned about information. The authors
of [67] confirmed a positive relationship between SNS intensity and social capital. They
conducted their research on a data size of 2116 respondents in USA and China, who mainly
used Facebook, Twitter, and Instagram. Social capital also provided benefits in the form of
psychological well-being, as reported in the paper. The authors of [68] found that higher
desirability for Facebook and higher interaction with others on Facebook resulted in higher
bonding and bridging social capital.

The authors of [23] explored an interesting dimension of SNS usage and the conse-
quence of SNS use, considering samples from Korea, Malaysia, and China. They found a
significant cross-cultural differences in SNS usage. The paper also pointed to an indirect
relationship between SNS intensity and social capital. A similar study was conducted
by [69] comparing SNS use and social capital in Poland and USA. They found that there is a
connection between the SNSs’ success and social capital. The authors of [70] confirmed the
positive influence of SNS use on both online as well as offline social capital. The authors
of [50] confirmed that Facebook use influences both social capitals, but bridging social capi-
tal is formed at a higher level compared to bonding capital. The authors of [15] examined
the interaction of traditional networking and SNS in the formation of social capital. They
found that interaction promotes both types of social capital. One notable finding was that
social capital is strengthened for students with low self-confidence. The authors of [71]
found that SNS use positively influences both types of social capital, but a specific activity
influences bonding social capital and another activity influences bridging social capital.
One study also highlighted that unique technical capabilities of SNS influence online social
capital [72]. Simons et al. [73] conducted a study on a sample of 410 old people with SNS
accounts in Netherlands—they found a positive association between SNS use and both
types of capital.

The authors of [18] considered Facebook and Renren users and confirmed a relation-
ship with bridging social capital but not bonding social capital. The authors of [74] studied
the LinkedIn use of individuals with agreeable personality traits and found that SNS use
resulted in bridging capital. Mariek et al. [75] found different degrees of relationship
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between SNS intensity and the two types of social capital. Additional factors should also
be considered to check the accrual of social capital. This article also discussed multiple
measures of SNS intensity. The authors of [17] studied a sample of 266 university students
from Pakistan who used WhatsApp. There was a relationship between WhatsApp use and
bonding social capital but not with bridging social capital. The author of [76] presented a
very unique set of findings of his study conducted on a sample of students using Facebook
and WeChat in China. It was further reported that WeChat use was positively related to
both types of social capital. However, the relationship was strongly negative for Facebook.
For a student sample in Saudi Arabia, [77] tested the relationship between SNS intensity,
online social capital, and entrepreneurial intention. Both types of social capital were found
to be significantly related to SNS use, but only bridging social capital was significantly and
positively related to personal attitude and perceived behavior.

As evident from the discussion above, the results have been mixed. Therefore, there
is a need to investigate the predicting role of SNS use in online social capital formation
considering both its dimensions. More importantly, a combined sample from two different
SNSs would help with better understanding of the phenomenon in a more generalized
manner. Therefore, for the current study, it is hypothesized that:

Hypothesis 1 (H1). SNS intensity (SNS-I) and online-bonding social capital (ObSC) are signifi-
cantly related to each other.

Hypothesis 2 (H2). SNS intensity (SNS-I) and online-bridging social capital (ObrSC) are signifi-
cantly related to each other.

2.4. Moderating Role of Type of SNS Platform

Based on previous studies, it is believed that online social capital formation is a general
phenomenon that should occur through any type of SNS. However, there are few studies
that have tried to test this by comparing two different types of SNS [17,19,41,78,79]. The
current research considers two different categories of SNS—relationship-based (Facebook)
and professional (LinkedIn). Selection of these two different categories of SNS for this study
will be ideal to test if online social capital occurs in a generalized manner or is affected by
the type of SNS. The hypothesis thus stated is:

Hypothesis 3 (H3). SNS type does not influence the relationship between SNS intensity and
online-bonding social capital.

Hypothesis 4 (H4). SNS type does not influence the relationship between SNS intensity and
online-bridging social capital.

An illustrative model representing the study hypotheses is shown in Figure 1 below.
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3. Material and Methods
3.1. Participants and Procedures

The study population comprised the users of two selected SNSs, namely Facebook
and LinkedIn. These two SNSs represent two SNS categories—Facebook is a general
relationship-based SNS whereas LinkedIn is a professional SNS. The sampling method
applied was “non-probability convenient sampling”. This sampling method has one clear
advantage over other methods: that it is easier to recruit respondents who are known [80].
The survey link created in October 2019 was shared with authors’ connections that were
forwarded onwards more than once during the survey period (October 2019–December
2020). The total number of responses received was 175 for Facebook and 183 for LinkedIn.
After screening the raw data, the number of valid responses finally obtained was 162 for
Facebook and 167 for LinkedIn, respectively.

The number of valid responses received from the users in both categories was 162 for
the professional SNS (LinkedIn) and 167 from the relationship-based SNS (Facebook). Most
of the respondents (73.6%) had an experience of more than one year with their SNS. The
majority of the respondents were male (72.8%) in the age group of 25–40 years. All the
respondents had an educational qualification above graduation, with a substantial number
having a doctorate degree (20.4%). Most of the respondents were employed (76.6%) and
were located in Asian countries. Respondents from non-Asian countries were negligible.

3.2. Measures
3.2.1. SNS Intensity

There are different ways SNS use may be measured, as evident from the literature. The
common measures are the number of hours (time/daily usage) a user spends on the SNS
or how many times a person logs into the SNS daily/weekly/monthly (frequency) [81]. A
more complex measure of SNS use is called SNS intensity, which indicates the “level of
activity and engagement” [43]. This variable was measured using the popular scale named
the “Facebook Intensity Scale (FIS)” developed by Ellison [43]. The Facebook Intensity Scale
comprises eight items, namely: daily use measured by time spent on Facebook, number of
connections measured by a scale comprising various ranges of number of connections, and
six attitudinal items measured on a five-point Likert scale. As suggested by Ellison [43],
FIS may be adapted depending upon the research factors. For the current research, the
same scale was used with some adaptations. Daily use was measured in terms of the time
spent by users on the selected SNS. The responses were recorded on a three-point scale
(1 = less than 1 h; 2 = 1–2 h; 3 = more than 2 h). The number of connections also had
a three-point scale (1 = less than 200; 2 = 201–500; 3 = above 500). Six attitudinal items
from the FIS were used to measure the SNS intensity of respondents. All the items were
measured using a seven-point Likert scale. The internal consistency of the attitudinal scale
is confirmed (Cronbach’s alpha α = 0.881). As explained by Ellison [43], the scales were
first standardized, and then an average was taken. This was carried out because different
scales were used to measure different items measuring SNS intensity. For this study, the
scales used for SNS intensity were standardized by taking their Z-scores. The computation
of Z-scores was performed directly using SPSS 28.0 with the transform function.

3.2.2. Online-Bonding and Online-Bridging Social Capital

For measuring both online-bonding and online-bridging social capital, the Internet Social
Capital Scale was used. This scale, developed by [82], has been used in various studies [62,83].
Williams [82] mentions that the use of the traditional instruments that measured social capital for
television cannot be used for SNS. Therefore, a more sophisticated instrument was developed
and validated that was capable of measuring both online and offline social capital. Each type of
online social capital includes ten items, and a seven-point Likert scale was used in the present
study. The internal consistency of both the scales was confirmed.
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3.3. Data Analysis

Descriptive analysis of the data-set was performed with SPSS 28.0. The research model
was analyzed using partial least squares modelling (PLS-SEM) with the software Smart PLS
4.0 [84]. PLS-SEM is an effective tool for analyzing models that aim to explore relationships
among latent variables, and it also does not require the data to be normally distributed [85,86].
Kock and Hadaya [87] suggest that in the case that there is no absolute knowledge of
the “path coefficient with the absolute minimum magnitude”, the recommended sample
size is 160 as per “inverse square root method” and 146 as per “the gamma exponential
method”. According to [88], at least “59 observations are required to attain a statistical
power of 80% for detecting square values of at least 0.25)”. Moreover, the “ten times rule”
given by Barclay, Thompson, and Higgins [89] requires the sample size to be ten times the
number of structural paths. Therefore, the sample size used in the current study satisfies
the criteria laid down for conducting PLS-SEM. Previous studies have used different
analytical methods such as regression [43]. The authors of [24] analyzed online social
capital by applying Burt’s framework of closure and brokerage. They used the “average
local clustering coefficient metric”. The authors of [1] applied cross-lagged correlation
analysis to show the relationship between Facebook use and bridging social capital. The
authors of [63] applied PLS-SEM to analyze the relationship between the social media
usage of women and online social capital. The choice of research method depends upon
the context of study and the research objectives. In the current study [90], PLS-SEM and
moderation analysis suit the study requirements the most. PLS-SEM allows the exploration
of latent relationships much more subtly and also does not require the condition of data
normality. Further, a smaller sample size can be more effectively used through PLS-SEM.
Apart from the choice of primary statistical tools, model effectiveness was examined using
“reliability analysis, convergent validity and discriminant validity”. All the results were
found to be following the recommended ranges [91].

4. Results
4.1. Measurement Model Assessment

Before performing the structural model assessment, the reliability, internal consistency,
and discriminant validity must be confirmed [92].

4.1.1. Reliability

Due to low factor loadings, two items of the construct online-bonding social capital
(ObSC3 and ObSC9) were deleted from the structural model (Table 1). Hair et al. [93]
recommend that all the items should load significantly on their latent variables to achieve
the required reliability. This is measured by calculating the factor loading of each item,
the composite reliability, and the average variance extracted (AVE) (see Table 1). The
recommended value of factor loading is >0.70, CR > 0.60, and AVE > 0.50 [94]. As evident
from Table 1, all the obtained values meet the recommended criteria.

Table 1. Results of reliability analysis.

Variable Outer Loading Cronbach’s Alpha CR AVE

Online-bonding social capital
(ObSC) 0.896 0.915 0.575

ObSC1 0.749

ObSC2 0.845

ObSC4 0.800

ObSC5 0.768

ObSC6 0.739

ObSC7 0.743
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Table 1. Cont.

Variable Outer Loading Cronbach’s Alpha CR AVE

ObSC8 0.753

ObSC10 0.657

Online-bridging social capital
(ObSC) 0.953 0.960 0.704

ObrSC1 0.810

ObrSC2 0.806

ObrSC3 0.826

ObrSC4 0.855

ObrSC5 0.873

ObrSC6 0.887

ObrSC7 0.863

ObrSC8 0.821

ObrSC9 0.857

ObrSC10 0.787

SNS intensity (single item) 1.00

4.1.2. Discriminant Validity

A test of discriminant validity is carried out to establish the distinctness of latent
variables from one another. As per the Fornell–Larcker Criterion [91], the discriminant
validity is achieved when the square root of AVE of each latent variable is greater than the
latent variable correlations (LVC). The results for this test are presented in Table 2. It is
evident that discriminant validity for all the constructs is achieved.

Table 2. Fornell–Larcker Criterion latent variable correlations (LVC).

BoSC BrSC SNS Intensity Discriminant Validity Attained
(Square Root of AVE > LVC)

BoSC 0.758 Yes

BrSC 0.704 0.839 Yes

SNS
intensity 0.523 0.550 Single item Yes

Note: The square root of AVE values is shown in bold and italics.

4.2. Structural Model

The results of the structural equation modelling are shown in Figure 2. Detailed results
are presented in Table 3.

Table 3. Structural equation modelling results (bootstrapped).

Path ß T Statistics Sig. Hypothesis R2 Q2

SNS-I -> ObSC
(H1) 0.523 13.304 0.000 (p < 0.05) Supported 0.274 0.265

SNS-I -> ObrSC
(H2) 0.550 13.030 0.000 (p < 0.05) Supported 0.303 0.297

ß = regression coefficient, T statistics = calculated difference measured in units of standard error, Sig. = significance,
R2 = coefficient of determination, Q2 = Geisser’s predictive relevance.
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Figure 2. Analyzed model.

It is evident that SNS intensity has a positive and significant relationship with both
online-bonding social capital (ß = 0.523, t = 13.304, p ≤ 0.001) and online-bridging social
capital (ß = 0.550, t = 13.03, p ≤ 0.001). Furthermore, the Cohen’s f 2 of the path H1 and H2
was found to be greater than 0.02 [95], indicating the adequacy of effect size. The coefficient
of determination (R2) was 27.4 percent and 30.3 percent, respectively, for online-bonding
social capital and online-bridging social capital. As per Hair et al. [93], values between 0.25
and 0.5 represent a moderate coefficient of determination.

Q2 is popularly known as Geisser’s predictive relevance of a model, which checks
if the “data points in of indicators in the reflective measurement model of endogenous
construct can be predicted accurately” [96]. A value greater than zero is indicative of good
predictive relevance [85]. The calculation of Q2 was performed by employing the PLS
Predict facility in Smart PLS 4. As presented in Table 3, Q2 was found to be 0.265 and 0.297,
respectively, for the two endogenous variables. These values show that the model has
adequate predictive value.

4.3. Moderation Analysis

According to Holmbeck [97], a moderator variable “is one that affects the relationship
between two variables”. Further, he explains that the interaction of the moderator with
the predictor variable impacts the dependent variable. Dawson [98] points out that while
conducting moderation analysis, not only the existence of an interaction but the form of
interaction should also be hypothesized. Hair et al. [99] have described moderation analysis
using PLS-SEM in detail. A unique feature of Smart PLS 4 is that the relationship of the
moderator to the dependent variable is automatically added. In order to conduct moderation
analysis, a two-stage approach is followed [100]. Stage 1 includes calculation of the main
effects of the PLS path model. Stage 2 involves the treatment of an interaction term.

In order to assess the role of moderator, the effect size needs to be calculated as per
Cohen’s formula [101].

f2 =
R2included − R2excluded

1 − R2included
(1)
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A general guideline regarding the interpretation of the effect size is as below:
0.02 = Small
0.15 = Medium
0.35 = Large
There were two categories of SNS considered in this research. LinkedIn belonged to

the category of professional SNS, and Facebook belonged to the category of relationship-
based SNS. Therefore, this was a case of a binary categorical moderator. As mentioned
by Ringle et al. [102], the moderator must be numbered 0 and 1 to conduct moderation
analysis in Smart PLS 4 when the moderator is binary categorical. Accordingly, the two
SNSs were numbered as: 0 = LinkedIn and 1 = Facebook. The process of moderation in
Smart PLS 4 requires the moderating variable to be connected directly to the path between
predictor and dependent variables. Thereafter, a PLS algorithm was run to check the R2

values to detect if the moderators influenced their values. A bootstrapping procedure was
conducted with a subsample of 5000 to test the significance of moderation.

Plot analysis was performed using the template for two-way linear interaction using
a binary moderator [98]. The template requires inserting the names of the moderator,
dependent and independent variables, and the two categories. Further, it requires inserting
the values of unstandardized regression coefficients for independent variable, moderator,
and interaction effect. The results of the two moderation analyses are discussed below.

4.3.1. Moderating Role of SNS Type on the Relationship between SNS-I and ObSC

The first moderation analysis was conducted to test if SNS type moderates the rela-
tionship between SNS intensity and online-bonding social capital. It was hypothesized that
SNS type does not influence the relationship between SNS intensity and online-bonding
social capital.

The value of R2 for the endogenous variable ObSC was recorded without adding the
moderating effect. Then, the value of R2 was checked after adding the moderator. In order
to compute the effect size of f 2, Equation (1) was used as shown in Equation (2). The effect
size of f2 was found to be 0.015, implying that the moderating effect is small.

f2 =
0.285 − 0.274

1 − 0.274
(2)

The interaction effect was plotted using Dawson’s template for a two-way interaction
effect for a binary categorical moderator. The plot in Figure 3 shows that the effect is
relatively steeper for LinkedIn compared to Facebook. However, the effect is quite small.

It was further tested whether the effect, albeit small, is significant or not. The result
(Table 4) of the bootstrapping procedure with 5000 subsamples shows that the moderating
effect of SNS type on the relationship between SNS intensity and ObSC is non-significant
(ß = 0.100, t = 1.002, p > 0.05). This result supports hypothesis H3.
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Table 4. Bootstrapping result of moderation analysis.

Original
Sample (O)

Sample
Mean (M)

Standard
Deviation
(STDEV)

T Statistics
(|O/STDEV|) p Values

SNS intensity
-> BoSC 0.457 0.462 0.071 6.410 0.000

SNS_TYPE ×
SNS intensity

-> BoSC
0.100 0.100 0.100 1.002 0.317

4.3.2. Moderating Role of SNS Type on the Relationship between SNS-I and ObrSC

The second moderation analysis was performed to test if SNS type moderates the rela-
tionship between SNS intensity and online-bridging social capital. It was hypothesized that
SNS type does not influence the relationship between SNS intensity and online-bridging
social capital.

The value of R2 for the endogenous variable ObSC was recorded without adding the
moderating effect. Then, the value of R2 was checked after adding the moderator. In order
to compute the effect size of f2, the process described in Section 4.3 was used. The effect
size of f2 was found to be zero, implying that the moderating effect is non-existent. The
value of R2 before and after inclusion of the moderator was 0.303.

The interaction effect was plotted using Dawson’s template for a two-way interaction
effect for a binary categorical moderator [98]. The plot in Figure 4 shows that there is no
difference in LinkedIn compared to Facebook.
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Since the above results reveal zero change in the effect size, any further confirmation
of significance was not performed. From the above results, it may be inferred that SNS
type does not influence the relationship between SNS intensity and online-bridging social
capital, supporting hypothesis H4.

5. Discussion

There were two main objectives of this study. The first was to confirm the role of SNS-use
intensity in the formation of online-bonding and online-bridging social capital (RQ1), considering
a sample of users from two different sites, namely LinkedIn and Facebook. The second was to
study the moderating effect of SNS type on the hypothesized relationships (RQ2).

For the first objective, the results of PLS-SEM prove that SNS intensity significantly
influences the formation of both online-bonding (ß = 0.555, t = 16.094, p ≤ 0.001) and online-
bridging social capital (ß = 0.573, t = 13.942, p ≤ 0.001) in the combined sample. Therefore,
results support hypotheses H1 and H2. The results also support the adequacy of the research
model (Figure 2). Results of this study also conform to earlier studies that dealt with the
formation of online social capital [1,17,20,21,45,49,61,63,64]. Some dimensions such as higher
desirability and higher interaction as independent variables have also found to be positively
influencing online social capital [68]. Gender was found to be an influence in the study by [68].
Another dimension found to be playing a role in online-bridging social capital along with
SNS intensity is the type of SNS activity [71]. Personality traits also affect online-bridging
social capital [74]. The choice of SNS by university students was found to be influencing the
relationship between SNS use and online social capital [76]. One common feature of many
past studies is that they considered student populations [1,43,103,104]. Therefore, the current
research provides new insight by considering a non-student sample. The Facebook Intensity
Scale and the Internet Social Capital Scale are also validated in the study.

The second main objective was to test if online social capital formation is influenced
by the type of SNS used (RQ2). Two different types of SNS were considered for this study.
While LinkedIn is a professional SNS that mainly allows users to interact for professional
reasons, Facebook is a general social networking site that allows all types of networking,
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mainly aimed at expanding and maintaining relationships. Moderation analysis was
performed to test if SNS type has any significant moderating influence on the relationship
between SNS-I and online social capital (ObSC and ObrSC). The results show that SNS
type does not have any significant influence on the relationship between SNS-I and the two
types of online social capital. This finding supports the theory that online social capital
formation is a general phenomenon that is independent of the use of any social networking
sites (H3 and H4). It is indeed arguable that the degree of the two types of online social
capital, namely online bonding and online bridging, would vary across the different types
of SNS. While Facebook is an SNS focused more on relationship maintenance and building
new connections, online-bridging social capital would be comparatively greater than for
LinkedIn, which is a professional SNS. The reverse argument is true for online-bonding
social capital. However, the current study shows that this influence is not significant.
Future studies may confirm these findings by considering different SNSs and a greater
sample size.

6. Conclusions

Important distinctions of this study are that it includes an SNS other than Facebook
and is a comparative study. The research validates the theory of social capital in online
networking. It also generalizes the theory by considering a combined sample of respondents
from two different categories of SNS. The study should benefit researchers as it provides
new insights into the current research on social media and SNSs. For practitioners and
professionals, the study offers valuable information on how these SNSs may benefit them.
Understanding of the two types of online social capital should be helpful in carving a better
strategy for a more productive use of SNSs, including the education sector [105]. Online
social capital may also benefit entrepreneurs in multiple ways such as the acquisition of
resources, acceptance, and reaching various stakeholders [6,106]. The current study may
be extended to include more SNSs and in specific samples such as students, professionals,
and academicians, to name a few. Inclusion of social and demographic variables, usage
motives, etc. may add new dimensions to the online social capital theory.

The current research does have some limitations that need to be considered in the in-
terpretation of results. Further, these limitations also provide directions for future research.
Firstly, the current research uses self-reported data collected through online survey. This
method does cause response bias. As suggested by Junco [106], alternative methods such
as employing software may be used to overcome this limitation. Secondly, the authors
recruited respondents from their own social network. This resulted in selection bias, and
the results may not be generalized completely to the population of the two types of SNS.
Third, a sample size of 329 is relatively small, which may limit the generalizability of this
study. Future research may consider larger sample sizes and may also include more SNSs
of each type.
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