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1. Introduction  

Social networking sites (SNSs) have become a crucial part of young adults’ day-to-day 

activities. This is due to the variety of SNS activities that give them a great opportunity to interact 

with other users, making new friendships, and engage with brands. There are many positives 

gained from social networking such as study support (Tower et al., 2014), communication, 

collaboration, and information gathering (Kitsantas et al., 2016; Mazman & Usluel, 2010; 
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Mirabolghasemi et al., 2016). However, for a small minority, there have been reported negative 

outcomes from SNSs including that concerning educational information system research (Cao et 

al., 2018). SNSs play a central role in the lifestyle of today’s online users, especially among 

students. Several studies have emphasised the significant role of SNS platforms, such as Facebook, 

in the educational process (Ainin et al., 2015; Hamade, 2013; Mirabolghasemi et al., 2016). 

Students can leverage the features of SNS platforms for group discussion, managing group 

projects, discussing assignments, and improving interaction with lectures (Helou, 2014). Tower et 

al. (2014) found that Facebook group was an effective method for students to support their study, 

advance their peer learning, and encourage them to interact with academics. Similarly, Junco et al. 

(2011) conducted a semester-long experimental study to examine the efficacy of using Twitter for 

academic purpose such as co-curricular discussions. The participants were split into two samples; 

the experimental sample, where students used Twitter as part of the class discussion, and the group 

sample, where students did not use Twitter. The results showed that students involved in the 

experiment group sample had a significant increase in their engagement with class discussion and 

semester grades compared to the control group sample 

Although the use of SNS platforms is not problematic for most people, recently, the number 

of users who engage in SNSs excessively or compulsively has become of increasing concern to 

researchers (e.g., Andreassen et al., 2017; Ershad & Aghajani, 2017). Moreover, with most SNS 

platforms being easy to access, many students spend more time engaging with them than their 

academic study (Giunchiglia et al., 2018; Idris & Hasan, 2019). However, studies have shown that 

this excessive use can negatively affect students’ well-being (Cao et al., 2018; Sanz-Blas et al., 

2019), academic performance (Junco, 2012b; Kirschner & Karpinski, 2010), and lead to addictive 

behavior (Sanz-Blas et al., 2019). For example, a study conducted in the Malaysian university 

context found that 88% of students use SNSs to socialize and interact with one another on a daily 

basis (Yusop & Sumari, 2013). Moreover, research by Alwagait et al. (2017) found that students’ 

lack of time management when using SNSs was the main reason for weak academic performance.  

The negative consequences of excessive SNS use on mobile devices is arguably 

underexplored (Benson et al., 2015; Kokkinos & Saripanidis, 2017; Zheng & Lee, 2016) but has 

grown greatly over the past few years. Among the studies that have been carried out, the 

overwhelming majority focus on Facebook users, and only a few studies have examined excessive 

Instagram use (EIU) (e.g., Kırcaburun & Griffiths, 2018; Ponnusamy et al., 2020). The few 
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previous studies empirically investigating the negative outcomes of EIU have examined such areas 

as romantic relationship outcomes (Ridgway & Clayton, 2016), addiction potential (Kircaburun & 

Griffiths, 2018), technology-family conflict (Zheng & Lee, 2016), and online compulsive buying 

(Pahlevan Sharif & Yeoh, 2018). In addition, studies have shown that EIU is associated with 

psychological and mental health issues such as depression (Donnelly, 2017), trait anxiety, and 

neuroticism (Balta et al., 2020). However, few studies examined the association between EIU and 

academic impairment of students (Cao et al., 2018; Ponnusamy et al., 2020). 

Recent studies have reported that Instagram is one of the fastest growing SNSs and is very 

popular among students compared to other SNSs such as Facebook and Twitter (Alhabash & Ma, 

2017; Shane-Simpson et al., 2018). Studies have shown that young adults between 18 and 29 years 

represent approximately 59% of Instagram’s active users (Alhabash & Ma, 2017; Ponnusamy et 

al., 2020). This is likely because features such as the built-in filter allow users to filter their photos 

and the ‘live stream’ feature which enables users to broadcast live videos. Because college students 

are extremely driven by their smartphones, using such features can sometimes lead to frequently 

share photos and videos, excessively checking the number of likes and comments on their posts, 

and constantly examining other friends’ online profiles  (Kircaburun & Griffiths, 2018) 

Although SNS platforms have many similar features, each platform has unique features, a 

different structure, and different stimuli and gratification factors (Alhabash & Ma, 2017).  For 

example, Facebook has variety of functions that allow users to share text, video, photos, live 

locations, and emotion status (Alhabash & Ma, 2017). Twitter is a more text-based information 

sharing platform, while Instagram (as previously mentioned) is more photo-based. Therefore, user 

behavior may differ from one platform to another (Ponnusamy et al., 2020).The excessive use of 

these features can result in psychological problems such as addiction among a minority of users 

(Gao et al., 2017; Kircaburun & Griffiths, 2018). However, there is little research on excessive 

Instagram use. Previous studies have examined addictive use rather than excessive use (Ershad & 

Aghajani, 2017; Foroughi et al., 2021; Kircaburun & Griffiths, 2018; Ponnusamy et al., 2020). A 

recent study by Kircaburun & Griffiths (2018) noted that there was a need for more empirical 

investigation to other SNS platforms (e.g., Instagram) to understand the factors related to excessive 

and addictive use. Moreover, Ponnusamy et al. (2020) highlighted that Instagram use reached to 

addiction level among adolescent, and assert that there is a need for more research to investigate 

which factors could lead to this among university students. Related to this, there is also a need for 
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investigating the potential factors associated with EIU, examining the effect of EIU on students’ 

academic impairment.  

The remainder of this paper is organized as follows: Section 2 provides details about the 

concept of excessive use of Instagram. Section 3 describes the theoretical foundation of the study 

by highlighting the importance of the uses and gratifications theory in the use of social networking 

sites. Section 4 describes the research model and development of the hypotheses. Section 5 

illustrates the details of the research method used to conduct the study. Section 6 provides details 

of the results of the data analysis. Section 7 reports the key findings, discussion, and theoretical 

and practical implications. Finally, Section 8 provides the study conclusions.  

 

2. Excessive Instagram use  

As aforementioned, the use of Instagram is rapidly expanding, and has become very popular 

among students (Kırcaburun & Griffiths, 2019). Instagram features allow users to frequently share 

photos and videos which leads some individuals to continuously check notifications on their shared 

photos and videos. Recently, Instagram has introduced new shopping tools that provide users with 

entertainment and utility, which results in greater intensity to follow new accounts and spend 

longer hours on the site (Casaló et al., 2017; Sanz-Blas et al., 2019). Excessive use of SNSs is 

often defined as the extent to which SNS use (e.g., Instagram use) is much longer than the time 

the individual planned (Caplan & High, 2006a; Zheng & Lee, 2016). However, the term 

‘excessive’ can mean different things to different people and is ultimately subjective.  

The main difference between excessive use and addiction is that excessive use may not result 

in any negative consequences (Griffiths, 2005) whereas addiction is associated with an 

uncontrolled amount of time spent on the activity leading to major negative psychosocial impacts 

(Cao et al., 2018; Griffiths, 2005; Zheng & Lee, 2016). However, numerous studies have 

confirmed that excessive use for some individuals can also lead to negative consequences in real 

life areas (Kırcaburun & Griffiths, 2019; Sanz-Blas et al., 2019). Romero-Rodríguez et al. (2020), 

highlighted that the irresponsible use of SNSs can result in problematic use. On the other hand, 

Shaw and Black (2008) defined addiction as “poorly controlled preoccupations, urges or 

behaviours regarding computer use and internet access that lead to impairment or distress”. 

Previous studies have characterized addictive behavior, including SNS addiction, as any behavior 
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that features the six core components of addiction (i.e., mood modification, salience, tolerance, 

conflict, withdrawal, and relapse) (Griffiths et al., 2014; Hawi & Samaha, 2017; Ryan et al., 2014) 

One of the most significant negative consequences is that excessive use can be a source of 

addiction for a minority of individuals (Sanz-Blas et al., 2019). On the other hand, SNS addiction 

(including Instagram addiction) is defined as “a user’s psychological state of dependence on the 

use of a social networking website which is manifested through an obsessive pattern of seeking 

and using this website; and these behaviors take place at the expense of other important activities” 

(Turel, Serenko, & Giles, 2011, p.1). Therefore, the main difference between excessive use and 

addiction is that Instagram addiction occurs when the users have a problematic dependency on 

Instagram use (Kırcaburun & Griffiths, 2019; Sanz-Blas et al., 2019). In this context, Sanz-Blas et 

al. (2019) found that Instagram overuse and addiction are different constructs and the study found 

that higher Instagram overuse can lead to addiction.  

Previous studies have attempted to identify the main reasons for EIU and its consequences. 

Sanz-Blas et al. (2019) found that excessive Instagram use had a direct effect on addiction due to 

the lack of over users’ control of time spent on Instagram, which eventually impacted users’ 

emotional fatigue and stress. Kırcaburun & Griffiths, (2018) found that problematic Instagram use 

was associated with the frequency of live steam watching, commenting on other posts, and liking. 

Another reason that may underlie excessive Instagram use is the fear of missing out (FoMO) (BBC, 

2018; Glazzard & Stones, 2019). FoMO is a relatively new concept which refers to “a pervasive 

apprehension that others might be having rewarding experiences from which one is absent” 

(Przybylski et al., 2013, p. 1841). A recent study by Rozgonjuk et al. (2020) examined the effect 

of FoMO on SNS use disorder and  impact on daily life, and affirmed the central role of FoMO in 

SNS use disorder (which could include Instagram use). Overall, the research confirms that as 

Instagram has become a common daily activity, excessive daily use may trigger negative 

consequences, which may affect user’s self-control of Instagram usage and lead to addictive 

behavior for a small minority. However, these studies focus mainly on the consequence of 

excessive use and examine the effect of user’s personality factors such as agreeableness, 

conscientiousness, and extraversion, and daily internet use. However, there is little literature 

examining the gratification that may be generated from EIU.  

 

3. Theoretical foundations 
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3.1  Uses and Gratification Theory   

Uses and gratifications theory (UGT) was first introduced by Katz et al. (1974) to explain how and 

why individuals needs are gratified by specific media. UGT is defined as “ the social and 

psychological origins of needs which generate expectations of the mass media and other sources 

which lead to differential patterns of media exposure (or engagement in other activities) resulting 

in needs gratifications and other consequences, perhaps mostly unintended ones” (Katz et al., 1974, 

p. 510). UGT explains the user-level view of mass media such as the internet use. According to 

UGT, users are goal-oriented in their media selection, and they expose and integrate media 

messages within their everyday life to achieve maximum gratification (Phua et al., 2017). Every 

medium offers different combinations of characteristic content, typical attributes, and typical 

exposure situations (Katz et al., 1974). UGT research suggests that individuals use media for 

content carried by a medium such as information or entertainment, or they use media for the 

experience of media use (Stafford et al., 2004). In addition, social motivation is considered as the 

main usage factor motivating internet use (Stafford & Gillenson, 2004). According to Katz et al. 

(1974), individuals’ gratification is derived from at least three sources: media content, exposure to 

media, and the social context that influences the exposure to different media.   

In earlier research of UGT, when the focus was on traditional media such as television and 

newspapers, UGT was conceptualized as having two main categories: content gratification and 

process gratification. Content gratification refers to how users employ specific media due to its 

attractive content in the medium (e.g., information, entertainment material) (Islam et al., 2018; Li, 

Guo, Bai, & Xu, 2018). Process gratification refers to how users gain gratification from the 

experience of using particular media (Li et al., 2018). Recently, with the growth of internet use 

among individuals, social gratification has been introduced as a new dimension of UGT to 

represent user satisfaction with the media’s social environment that is not described in content and 

process gratifications (Li et al., 2018; Stafford et al., 2004). In this context, previous studies have 

considered UGT as one of the most effective frameworks in understanding the motivations that 

bring individuals to use specific media (Chang, 2018; Stafford et al., 2004), including SNS 

platforms (Al-Jabri, Sohail, & Ndubisi, 2015; Alhabash & Ma, 2017; Kuss & Griffiths, 2017). 

 

4 Research model and hypotheses development  
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Drawing on UGT and the empirical literature, the present paper proposes a research model 

contending that social gratification, content gratification, entertainment, escapism, and social 

presence positively influence EIU. The model (Fig.1) also examines the positive effect of EIU on 

students’ academic performance.  

 
Figure 1. Research model and hypotheses 

 

4.1 Social gratification  

Social gratification has been defined as the extent to which users are satisfied with the 

social environment (Stafford et al., 2004). Researchers have asserted that social interaction among 

users is the key motive to their social needs (Boyd & Ellison, 2008). Since Instagram is mainly 

used for social interaction and self-expression, it enables users to share their life story through the 

uploading of photos. Previous studies have suggested that social interaction is the main 

motivational factor for Instagram use in establishing and maintaining relationships (Kim et al., 

2017; Lee, Lee, et al., 2015). Instagram has recently offered new features that enable the users to 

create and share live stories with their followers (Kırcaburun & Griffiths, 2019). Therefore, these 

social gratification activity may develop a sense of belonging to Instagram which may lead to 

excessive use (Gao et al., 2017; Kırcaburun & Griffiths, 2019). In the present study it is 

hypothesized that:  

H1: Social gratification in Instagram is positively associated with excessive Instagram use.  

4.2 Content gratification 

Academic 
Impairment   

Social Gratification 

Content 
Gratification  

Entertainment

Social Presence  

Escapism  

Instagram 
Excessive Use   

H1(+)

H2 (+)

H3 (+)

H4 (+)

H6 (+)

H5 (+)
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Content gratification is concerned with the message conveyed by the medium (Stafford et 

al., 2004). For example, information is the main content that most users are looking for online, 

which is the most important among the different forms of content gratification (Stafford et al., 

2004). With the advance of Web 2.0 applications, SNSs provide abundant content for users, such 

as text, photos, and videos. This content enhancement allows SNSs users to interact with each 

other to derive value that attract their interests, and stimulates content-based gratification (Li et al., 

2018). Recently, due to digitization, the use of photos has been changed from preserving memories 

to fast become more in sharing moments of users’ daily life (Lee et al., 2015). In Instagram, sharing 

photos and videos with others can be gratifying as users are allowed to scroll through other users’ 

profiles and view all of the photos that a particular individual has uploaded (Lee & Sin, 2016). 

This behavior of viewing photos and videos on Instagram may become a daily habit and lead to 

excessive use of the platform (Lee & Sin, 2016). Therefore, in the present study, it is hypothesized 

that:  

H2: Content gratification in Instagram is positively associated with excessive Instagram use.  

4.3 Entertainment  

Studies that use UGT have broadly identified entertainment as an important factor affecting 

the use of a particular medium (Li et al., 2018). Entertainment is defined as “the pleasurable and 

relaxing use without a meaningful purpose, such as leisure, passing time” (Li, Guo, et al., 2018, p. 

1233). Entertainment has been found to have a positive effect of excessive use of the internet 

(Islam et al., 2018). In particular, studies investigating SNSs have highlighted that entertainment 

is one of the main motivational factors in using these platforms (Alhabash et al., 2014; 

Balakrishnan & Griffiths, 2017). For example, Alhabash and Ma (2017) found that the intensity 

of using Instagram and Snapchat was higher than Facebook and Twitter among university students. 

The study also reported that entertainment was the strongest factor in the intensity of use among 

the four SNS platforms. In many cases, due to the rich entertainment features on Instagram (e.g., 

watching video, photos, and live streams), students only use it for passing time and leisure purposes 

which can be conceptualized as entertainment motivation. Kircaburun et al. (2018) empirically 

found that entertainment and passing time were positively associated with problematic Instagram 

use among university students. Consequently, it is hypothesized that:   

H3: Entertainment gratification is positively associated with excessive Instagram use.  

4.4 Social presence  
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Short et al. (1976) defined social presence as “the degree of salience of the other person in 

the interaction and the consequent salience of interpersonal relationships” (p.65). It is 

operationalized in terms of how social, personal, warm, and sensitive people perceive the medium 

communication tools to be (Animesh et al., 2011). When individuals perceive a high level of social 

presence via their personal interactions on SNSs, they tend to be deeply involved and engaged in 

SNS use (Gao et al., 2017). Using different features on SNSs will lead to a higher feeling of social 

presence (Kırcaburun & Griffiths, 2019). However, the sense of social presence differs according 

to which platform is used. For example, Pittman & Reich (2016) highlighted that image-based 

social media platforms (i.e., Instagram, Snapchat) offer a higher level of simulated social presence 

than text-based platforms such as Twitter and Facebook. Previous studies have found that social 

presence has a positive effect on problematic Instagram use in high school and university students 

(Kırcaburun & Griffiths, 2019). Based on this literature, it is hypothesized that:  

H4: Social presence in Instagram is positively associated with excessive Instagram use.  

4.5 Escapism  

Escapism was defined by Young et al. (2017) as “a behavior employed to distract oneself 

from real life problems” (p.25). It is related to engaging in activities that are absorbing to the level 

of offering an escape from reality, pressure, and other life problems (Wu & Holsapple, 2014). 

Previous studies have affirmed that individuals engage in activities such as online gaming and 

social media use to escape from reality which results in problematic use and can lead to addiction 

in a minority of cases (Gao et al., 2017; Masur et al., 2014). For example, Alhabash et al. (2014) 

found that escapism is a significant predictor of the Facebook use intensity. Furthermore, based on 

empirical evidence, Kırcaburun & Griffiths (2018) highlighted that escapism has a positive effect 

on EIU. Using different features in Instagram such as watching live streams, other people’s videos, 

posting and commenting on others’ photos create the feeling of escapism (Kırcaburun & Griffiths, 

2019). Therefore, based on the extant literature, it is hypothesized that:  

H5: Escapism is positively associated with excessive Instagram use among students.  

4.6 Excessive Instagram use and academic impairment 

Academic achievement is considered as an important aspect of life for university students, 

and it is typically a crucial indicator for university students' subsequent quality of life (Li et al., 

2018). The use of the internet in general as a resource for education has a universal support from 

students, parents, educators, and institutions (Kubey et al., 2001). However, in general, excessive 
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internet use is highly correlated with academic impairment among students (Kubey et al., 2001; 

Islam et al., 2018). As SNSs are one of the most used platforms on the internet, students’ time on 

these platforms has increased over the decades. This excessive use of SNSs might interfere with 

academic achievement and negatively affect students’ academic performance. Prior studies have 

provided evidence that a minority of SNS users, especially students, can become highly 

preoccupied or ‘addicted’ to SNSs which directly affects their health, personal relationships, 

and/or academic performance (Kuss & Griffiths, 2011).. Excessive use of SNSs (e.g., Facebook, 

Instagram) distracts students’ concentration and causes disruptive multitasking during their 

academic study, which leads to students being less focused (e.g., during class or studying for 

exams) and which may lead to academic impairment among students. Therefore, it is hypothesized 

that:  

H6: Excessive Instagram use is positively associated with students’ academic impairment 

 

5 Methods 

5.1 Participants and settings 

The participants in the present study comprised students at two Malaysian universities. The 

students were invited via emails, universities’ Facebook pages, and students’ WhatsApp groups to 

participate in the study by filling out the survey. The students were asked if they used Instagram 

at the beginning of the survey, to make sure that all the respondents have experience with 

Instagram use. In addition, to increase the response rate, a printed version of the survey was also 

distributed to students. The total collected surveys from both online and offline were 302 

respondents. A total of 17 participants were excluded from the dataset due to incomplete answers 

and suspicious response patterns (Hair et al., 2017). All participants were Malaysian university 

students who were daily users of Instagram (n=285). The sample comprised 143 male students 

(50%), and 142 female students (50%). More than half of the respondents were aged 20-29 years 

(58%), followed by those who are aged 30-39 years (35%), and the remainder were aged above 40 

years (7%). The majority of the respondents were undergraduate students (n=155; 54%), followed 

by a master’s degree students (n=110; 39%), while the remainder were PhD students (n=7; 20%). 

 

5.2 Measures  
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All items were adapted from established previous studies. All the items were refined according to 

the context of the present study in order to capture the accurate assessment of each construct. 

Social gratification was assessed using four items adopted from Balakrishnan and Griffiths (2017) 

and Jahn and Kunz (2012) (e.g., “I can interact with other people on Instagram”). The composite 

reliability (CR) of social gratification was more than 0.80, with items loadings between 0.77-0.90, 

and AVE=0.588. Content gratification was assessed by five items adopted from Kırcaburun and 

Griffiths (2018) (e.g., “When I use Instagram, I can watch live streams”). The CR of content 

gratification was 0.90 and internal validity was 0.89. Entertainment was assessed by three items 

adopted from Li, Guo, et al. (2018) (e.g., “I use Instagram when I have nothing better to do”). 

The Cronbach’s α of entertainment was 0.88-0.90 and the AVE was 0.74-0.90. Social presence 

was assessed using five items adopted from Gao et al. (2017) and Kırcaburun and Griffiths (2018) 

(e.g., “There is a sense of sociability in Instagram”). The CR of social presence was 0.87, items 

loadings were between 0.74 and 0.80, and AVE was 0.580. Escapism was assessed using five items 

adopted from Gao et al. (2017) (e.g., “Using Instagram helps me escape from the pressures of the 

study”). The CR value of escapism was 0.84, items loadings were between 0.75 and 0.79, and 

AVE was 0.58. EIU was assessed using five items adopted from Caplan and High (2006), Xanidis 

& Brignell (2016), and Zheng and Lee (2016) (e.g., “I stay on Instagram longer than I initially 

intended”). The CR and AVE values of EIU were 0.87 and 0.69 respectively. Finally, academic 

impairment was assessed using five items adopted from Kubey et al. (2001) and Nayak (2018) 

(e.g., “How often has your schoolwork been hurt because of the time you spend on Instagram?”), 

using five-point Likert scale from 1 (never) to 5 (always). The items loadings of academic 

impairment were between 0.71 and 0.73. The rest of the items were assessed using a five-point 

Likert Scale from 1 (strongly disagree) to 5 (strongly agree).  

 

5.3 Data analysis 

The study applied two approaches – partial least squares structural equation modeling (PLS-SEM) 

and ANN to understand the relationship between the constructs in a more comprehensive way. In 

order to employ the first approach of the analysis, PLS-SEM was used to assess the reliability and 

validity of the instrument items, as well as testing the proposed hypotheses. The reasons behind 

using PLS-SEM over the covariance-based SEM is that the nature of this study was exploratory 

rather than confirmatory, and PLSE-SEM is more appropriate compared to CB-SEM due to the 
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higher statistical power of PLS-SEM (Hair et al., 2019). SEM is the dominant method for analyzing 

hypotheses and examine the important determinants when ANN is unable to do so (Asadi et al., 

2019). SEM can only be used to test linear models (Tan et al., 2014). Therefore, artificial 

intelligence techniques such as ANN were used because of their capacity to test complex non-

linear relations (Priyadarshinee et al., 2017). Because of its ‘black-box’ nature, ANN techniques 

are not appropriate to examine hypotheses and test causal relationships (Liébana-Cabanillas et al., 

2018). Consequently, the present study integrated two-stage SEM and ANN approaches to test the 

hypotheses as well as to identify the important predictors for EIU. SmartPLS v3.0 software was 

used to perform the PLS-SEM analysis. 

 

6 Results 

6.1 Measurement model assessment 

The measurement model assessment was carried out by testing the reliability, and the 

convergent and discriminate validity of the constructs (Hair et al., 2017). The reliability of the 

measurement model was established by examining the Cronbach alphas and composite reliability 

(CR). Table 1 shows that values of the Cronbach alphas and CR all exceeded the recommended 

thresholds of 0.7 and 0.5 which confirm that the measurement model is highly reliable.  

Convergent validity was assessed by examining the outer loading of items, and the Average 

Variance Extracted (AVE). Table 1 shows that the values of outer loadings and AVE clearly 

exceeded the recommended thresholds of 0.7, and 0.5 respectively (Hair et al., 2019), which 

demonstrate that the convergent validity was established.  

 
Table 1. Reliability and validity results 

Construct Name Items  Outer loadings Cronbach's Alpha 
 

Composite 
Reliability 
 

AVE  
 

Social Gratification  SG1 0.948 
0.877 

 
0.872 

 
0.637 

 
SG2 0.881 
SG3 0.657 
SG4 0.664 

Content Gratification  CG1 0.739 

0.894 
 

0.919 
 

0.696 
 

CG2 0.863 
CG3 0.851 
CG4 0.882 
CG5 0.83 

Entertainment  ENT1 0.845 0.826 
 

0.896 
 

0.741 
 ENT2 0.885 

ENT3 0.852 
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Social Presence SP1 0.812 

0.887 
 

0.917 
 

0.688 
 

SP2 0.837 
SP3 0.846 
SP4 0.826 
SP5 0.827 

Escapism  ESC1 0.815 
0.880 

 
0.918 

 
0.736 

 
ESC2 0.849 
ESC3 0.912 
ESC4 0.851 

Excessive Instagram 
use 

EIU1 0.884 

0.943 
 

0.957 
 

0.815 
 

EIU2 0.918 
EIU3 0.895 
EIU4 0.922 
EIU5 0.895 

academic Impairment AI1 0.843 

0.917 
 

0.937 
 

0.750 
 

AI2 0.854 
AI3 0.902 
AI4 0.869 
AI5 0.861 

 

Discriminant validity was obtained by comparing the square root of AVE of the construct 

with other construct correlations (Fornell & Larcker, 1981; Hair et al., 2017; Leong et al., 2015). 

Table 2 shows the square root of AVEs were greater than their respective coefficients of 

correlation. This demonstrates that discriminate validity was achieved. Furthermore, hetero-trait–

mono-trait ratio (HTMT) was also applied as a new criterion for assessing discriminant validity. 

If the HTMT value between two variables close to 1, it indicates a lack of discriminant validity 

(Henseler et al., 2015; Hair et al., 2016). Henseler et al. (2015) suggest a value of 0.90 for the 

structural models that include conceptually similar constructs. Table 3 indicates that HTMT values 

of each construct were below 0.90.  
Table 2. Discriminant validity based on Fornell-Larker Criterion 

 
1 2 3 4 5 6 7 

1. Academic 
Impairment 

0.866 
      

2. Content 
Gratification 

0.08 0.834 
     

3. Entertainment 0.131 0.293 0.861 
    

4.Escapism 0.19 0.294 0.369 0.858 
   

5. EIU 0.468 0.123 0.255 0.309 0.903 
  

6. Social Gratification -0.127 0.435 0.141 0.149 -0.071 0.798 
 

7. Social Presence -0.036 0.372 0.28 0.318 0.168 0.315 0.83 
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Table 3. Hetero-trait-mono–trait ratio (HTMT) results 
 

academic 
Impairment 

Content 
Gratification 

Entertainment Escapism EIU Social 
Gratification 

1. Content 
Gratification 

0.087 
     

2. Entertainment 0.144 0.338 
    

3. Escapism 0.212 0.337 0.425 
   

4. EIU 0.497 0.123 0.289 0.336 
  

5. Social Gratification 0.134 0.572 0.229 0.273 0.074 
 

6. Social Presence 0.06 0.418 0.327 0.365 0.18 0.39 

 

6.2 Structural model assessment 

The bootstrapping technique with 5000 sub-sample (one-tailed test) was applied to estimate 

the path significance. The model’s explanatory power (R2) was 0.22 (indicating that the variables 

explained 22% of the variance in academic impairment). Furthermore, the results of structural 

model assessment as shown in Table 4 shows that social gratification (p=0.033), entertainment 

(p=0.008), social presence (p=0.076), and escapism (p<0.001) were found to have positive 

significant effect on EIU, while content gratification (p=0.192) did not have any significant effect 

on EIU. The results also show that EIU had a significant positive impact on students’ academic 

performance (p<0.001). This indicates that students who spent more time on Instagram 

experienced greater academic impairment. In addition, the effect sizes (f2) were estimated. The f2  

results, as shown in Table 4, show that social gratification, entertainment, social presence, and 

escapism all had a small effect on EIU (f2 = 0.029, 0.023, 0.020, 0.052 respectively), whereas EIU 

had a large effect on academic impairment (f2 = 0.30) (Hair et al., 2017). Figure 2 summarizes the 

results of SEM structural model analysis. 
Table 4. Structural model results 

Hypothesis Path 
coefficients 

Sample 
Mean 
(M) 

Standard 
Deviation 
(STDEV) 

t- value   p-  
value 

f2 Remarks 

H1: Social gratification -> EIU 0.181 0.174 0.099 1.835 0.033 ** 0.029 Supported 
H2: Content gratification -> EIU 0.056 0.061 0.064 0.869 0.192 0.002 Not 

supported 
H3: Entertainment -> EIU 0.154 0.153 0.064 2.399 0.008 *** 0.023 Supported 
H4: Social presence -> EIU 0.086 0.089 0.06 1.43 0.076* 0.020 Supported 
H5: Escapism -> EIU 0.235 0.238 0.065 3.625 0.000*** 0.052 Supported 
H6: EIU->Academic impairment 0.468 0.471 0.045 10.352 0.000*** 0.30 Supported 

 (Note: * p<0.10, ** p<0.05, ***p<0.01, one-tailed; EIU = excessive Instagram use) 



15 
 

 

 
                           (* p<0.10, ** p<0.05, ***p<0.01, one-tailed) 

Figure 2. Results of SEM model test 
 

6.3 ANN Analysis 

Based on the results of the SEM analysis, the four important variables (social gratification, 

entertainment, social presence, and escapism) were utilized for ANN analysis. SPSS v.24 was used 

to build and analyze the ANN model. Based on the proposed model in Figure 1 and the results 

obtained from the SEM analysis, the ANN model comprised four inputs (entertainment, social 

presence, escapism, and social gratification) and one output (excessive Instagram use). Figure 3 

shows the ANN model. 

Academic 
Impairment   

Social Gratification 

Content 
Gratification  

Entertainment

Social Presence  

Escapism  

Instagram 
Excessive use   

0.181**

0.056 ns

0.154***

0.086 *

0.468 ***

0.235 ***

Significant path 

Non-significant path 
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Figure 3. Neural network model. 

 
The ANN was confirmed by calculating the root mean square error (RMSE) in both the 

testing and training datasets. To avoid over-fitting, the ten-fold cross validation procedure was 

applied (Tan et al., 2014), whereby 70% of data were used for training the neural network and the 

remaining 30% were used for testing the trained network (Liébana-Cabanillas et al., 2017, 2018), 

To test the accuracy of the proposed model, RMSE from ten networks was employed. The average 

cross-validation RMSE value for testing model was 0.291082 and for training was 0.256188 (See 

Table 5). Therefore, the obtained low RMSE values showed that the proposed model was very 

reliable and the ANN model was accurate and consistent in explaining the relationships between 

the predictors and EIU (i.e., the output variable) (Sternad Zabukovšek et al., 2019).   

Table 5. RMSE for neural network model 

Neural Network Testing Training 
ANN1 0.280935 0.24898 
ANN2 0.272694 0.264901 
ANN3 0.265113 0.262045 
ANN4 0.308669 0.237566 
ANN5 0.275986 0.266601 

Bias

ENT 

SP

ESC

EIU

SG

Bias 

H(1:1) 

H(1:2) 

H(1:3) 

Synaptic Weight > 0
Synaptic Weight < 0

Hidden layer activation function: Hyperbolic tangent
Output layer activation function : identity 



17 
 

ANN6 0.27008 0.277799 
ANN7 0.291219 0.242235 
ANN8 0.319438 0.241804 
ANN9 0.301087 0.241544 
ANN10 0.325597 0.278407 
Average 0.291082 0.256188 

Standard deviation 0.020468 0.014812 
 

Table 6 presents the summary of the sensitivity analysis (SA) for each independent 

variable. The importance of each predictor (input variables) was obtained through the analysis of 

ANN and used for the final ranking. As stated by Chong & Bai (2014) “the importance of predictor 

measures how much the networks’ model predicted value changes for different values of 

predictors”. Therefore, on the basis of the normalized variable importance results (Figure 4 and 

Table 6), escapism was the most important construct in predicting EIU followed by entertainment, 

social presence, and social gratification. Compared to SEM results, the results of the SA showed 

similar findings in terms of the importance of independent variables (see Table 4). Both results 

confirmed that escapism was the most important variable that influenced students’ excessive use 

of Instagram (t= 3.625, SA=100%), followed by entrainment (t=2.399, SA= 71.1%), then social 

presence (t= 1.4, SA=32.3) and social gratification (t= 1.8, SA=32%)  

 
Table 6. Sensitivity analysis 

 Independent variable importance  
 Importance      Normalized importance 

Escapism .425 100.0% 
Entertainment .302 71.1% 
Social presence .137 32.3% 

Social 
gratification 

.136 32.0% 
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Figure 4. Independent variable importance 

 
7 Discussion  

7.1 Key findings  

First, the results showed that social gratification was significantly associated with EIU. As 

expected, this result is not surprising because of the social nature of SNS platforms. Similar to 

other SNSs, students use Instagram to meet other people, receive social support, and share photos 

and videos with others. Lee, Lee, et al. (2015) emphasized that Instagram users utilize photos as a 

way of presenting their lifestyle, personalities, and tastes with others. Therefore, actively 

participating in sharing daily photos and watching others’ videos gratify students leading to them 

spending more time on Instagram. This is consistent with that of Kırcaburun and Griffiths (2018) 

who found that problematic Instagram use was associated with excessive use of social activities 

such as watching live streams, commenting on others’ posts, and liking others’ photos and videos. 

However, the results of the present study also indicated that content gratification of Instagram was 

non-insignificant in relation to EIU. A possible explanation for this results that, in the context of 

the Instagram environment, the main gratification for students using Instagram excessively is the 

social experience, rather than the message or the content of particular posts (e.g., photos or videos). 

Consistent with this argument, Kırcaburun and Griffiths (2019) found that users on Instagram 
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watch live streams and like and comment on other content in order to have higher feeling of social 

presence.  

Additionally, the results showed that entertainment was significantly associated with EIU. 

This result is consistent with previous studies showing that entertainment is among the strongest 

motivational factors in why individuals use SNSs (Alhabash et al., 2014; Alhabash & Ma, 2017). 

This finding is also in line with that of Kircaburun et al. (2018) who reported that passing time and 

entertainment gratifications were positively associated with the intensity of Instagram use among 

undergraduate students. Although this and previous research demonstrates SNS users are mainly 

motivated to use SNS platforms to maintain social connections and establish new relationships 

with others, in the present study the association between entertainment and EIU was statistically 

higher than that of social gratification. The same finding was reported by Alhabash et al. (2014) 

in relation to Facebook. 

Second, the results showed that the highest gratification associated with EIU in the present 

study was escapism. This finding is consistent with Kırcaburun and Griffiths (2018) who found 

that escapism was positively associated with students’ problematic Instagram use. This shows that 

students who spend more time on Instagram feel a higher sense of escapism, which leads to higher 

intensity use of Instagram. The same findings have appeared in other SNS contexts. For example, 

Gao et al. (2017) found that escapism was a significant predictor of problematic SNS use and led 

to addictive behavior in some cases. Because most students possess smartphones, and smartphones 

are devices on which a wide range of activities can be engaged in (e.g., browsing SNSs especially 

Instagram (Lee, et al., 2015), gaming, watching videos), these are all these activities which can 

satisfy individual needs and provide an escape from daily academic stress. Consequently, it is not 

surprising that students tend to spend more time on Instagram because it is available 24/7 on their 

smartphones. This supports Wang et al.'s (2015) argument that students who are more stressed are 

highly motivated in using their smartphone use to escape, which in some cases appears to cause 

problematic smartphone use. The findings in the present study lend support to this because students 

use Instagram to escape problems via their smartphone which can lead to excessive use which in 

turn affects students’ academic performance.  

Third, social presence in the present study was also found to be significantly associated 

with EIU. This finding is in line with previous studies in the context of SNSs (e.g., Gao et al., 

2017). Students experience social presence on SNSs which improve their online communication 
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abilities (Lim & Richardson, 2016). Previous studies on social presence have also suggested that 

using SNSs can enhance students’ social presence via the development of the sense of community 

in SNS environments (Hung & Yuen, 2010; Schroeder et al., 2018). However, the findings of the 

present study provided a novel insight that specifically using Instagram features can lead to a 

higher feeling of social presence which can result in EIU and indirectly affect students’ academic 

activities. This finding supports the finding by Kırcaburun and Griffiths (2018) who found that 

posting photos and live streaming on Instagram were associated with social presence among 

students.  

Finally, the results showed that EIU was significantly associated with academic 

impairment among university students. This finding supports previous studies showing the 

negative consequences of excessive and problematic SNS use on the academic performance of 

students (Al-Yafi et al., 2018; Cao et al., 2018; Junco, 2012a; Kirschner & Karpinski, 2010; Paul 

et al., 2012). For example, Kirschner and Karpinski (2010) found students who intensively use 

Facebook spend fewer hours a week studying (affecting their academic performance) compared to 

non-intensive Facebook users. Paul et al. (2012) reported that there was a significant negative 

relationship between time spent on SNS platforms by students and their academic performance. 

Consistent with these results, Junco (2012) surveyed university students (n=1839) and found that 

heavy Facebook use and text messaging negatively affected students’ academic performance as 

assessed by the decline in their grade point average (GPA). Furthermore, Cao et al. (2018) recently 

found that excessive SNS use had a significant positive effect on users’ life and privacy invasion, 

which subsequently diminished their academic performance. This result indicates that the 

gratifications provided by Instagram can result in behaviors such as constantly checking other’s 

posts, updating status, posting photos, and watching videos. This constant access to stimuli can 

lead some individuals to have strong cravings to spend longer and longer time on (and responding 

to others) Instagram. All this unplanned time on Instagram can directly affect some students’ 

academic performance. This finding is also in line with Junco (2015) who found that students who 

frequently post and update their status on Facebook have low GPAs. Furthermore, this is consistent 

with a recent study in the Malaysian university context. More specifically, Ponnusamy et al. (2020) 

found that students’ recognition and social needs had a significant relationship with Instagram 

addiction, which in turn, which was also associated with a negative detriment to students’ 

academic performance. Similarly, Foroughi et al., (2022), found that students’ academic 
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performance, among other outcomes (e.g., social Anxiety and depression) was negatively 

associated with Instagram addiction. 

 

7.2 Theoretical and practical implications  

The findings of the present study have some theoretical and practical implications. First, 

on the theoretical level, the majority of previous studies applied UGT to understand the users’ SNS 

behavior. The present study makes an important contribution to SNS behavioral literature 

regarding EIU, and affirmed that EIU had a great influence on students' academic impairment. In 

addition, the study is among the first to utilize UGT to examine the motivational predictors that 

lead to EIU. The results of the study showed that UGT appears to be a potential lens to understand 

what gratifies students to use Instagram excessively. The results support the hypotheses that social 

gratification and entertainment are positively associated with EIU. The findings also support the 

idea that UGT is a suitable approach to study of SNS behavior. Moreover, the results highlight that 

escapism had a positive effect on EIU and appears to motivate EIU behavior above other 

motivations.   

On the practical level, the frequent use of SNSs (especially Facebook and Instagram) 

among students has encouraged some scholars to highlight the impact of excessive SNS use on 

academic performance, and consequent detrimental academic outcomes. Understanding that 

students are motivated to use Instagram excessively via a combination of gratifications and other 

social and behavioral predictors may provide a good foundation from which universities and higher 

education institutions educate students about self-regulation and control as a way of avoiding 

excessive Instagram use (that in a small minority of cases may lead to addictive behavior), as well 

as maximizing the benefits of SNS use more generally. This can be achieved by launching 

awareness campaigns, seminars about the corrective strategies of EIU self-regulation such as using 

specific tools for content-control or provide counseling to students to follow prevention strategies 

to manage their excessive use, for example, recognize the signs of overused time on Instagram, 

and count the hours spend on the platform, turn of notification to avoid the felling of FoMO.  

7.3 Limitations 

The present study has some limitations. First, the main objective of the study was to examine 

the proposed model in the Malaysian university context. Therefore, to establish the generalizability 

of the study, other cultural differences should be considered. Future studies may consider 
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expanding this study by collecting data from other universities outside Malaysia and test the impact 

of the cultural differences. Second, the model of the study tested five gratification variables. Future 

research may incorporate additional variables. For instance, the present study considered two 

social factors as antecedents for EIU. Therefore, future research may investigate the impact of 

other factors such as social interactivity, social interaction, and social support. Third, the present 

study used quantitative data to test the impact of EIU on student’s academic impairment. 

Therefore, because the ‘dark side’ of social media's effect on students is still in the early stage, 

qualitative data may provide a deeper understanding and explore other factors in this relationship.  

 

8 Conclusion 

Students often use Instagram frequently. The present study is the first to explore the use of 

UGT and multiple gratifications (i.e., social gratification, content gratification, and entertainment), 

social presence, and escapism and their association with EIU, and the association of EIU with 

students’ academic impairment. The results of the study provide insights into the negative 

consequences of excessive Instagram use. Providing a better understanding of the negative use of 

SNSs, and its effect on students’ academic performance would help universities and academic 

institutions to face important challenges when dealing with the SNS generation in academic 

environments.    
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