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Abstract 

This preregistered study aimed to design and validate a questionnaire which 

measures passive and active Instagram use (iPAUM), and to explore its connection to 

users’ self-esteem levels. While Instagram, as an image-based social media platform, 

shares common features with other social networking sites (SNS) in enabling sharing 

of information and social interaction, its emphasis on visual content and specific 

digital features, such as algorithmic exposure to strangers’ content and public and 

one-directional interaction, may influence user experiences differently compared to 

other SNSs. Individual users interact with Instagram in a variety of ways. 

Consequently, studies that rely on general use measures, such as the time spent on 

Instagram, often yield mixed results in regard to psychological outcomes, as these 

measures do not account for variability in use. To address these nuances, a new scale 

for Instagram behaviours was created in two phases. In Study 1 (N = 289, Mage = 30.4, 

SD = 10.21), an 18-item questionnaire was developed, reflecting four categories of 

Instagram use: Active reacting, Active direct social, Active creating, and Passive use. 

The four-factor structure was established through exploratory factor analysis (EFA), 

and good internal reliability and validity were demonstrated. In Study 2 (N = 297, 

Mage = 29.6, SD = 9.8), confirmatory factor analysis (CFA) was performed on an 

independent sample to validate the factor structure, confirming the reliability and 

discriminant validity of the measure. In the second part of Study 2, the iPAUM was 

employed to investigate associations between the four types of Instagram use and 

self-esteem, and whether following strangers on Instagram moderates this 

relationship. Self-esteem was not significantly associated with most types of Instagram 

use, except for a negative association between self-esteem and active direct social use, 

which was moderated by the percentage of strangers followed. The findings confirm 

the importance of differentiating between various types of Instagram use. The iPAUM 

is a validated tool which provides a more nuanced view of Instagram use for future 

research. 
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Introduction 

Social networking sites (SNSs) have increased in popularity over the last few decades. In 2023, more than 4.7 

billion people across the globe were estimated to be social media users, spending an average of 2 hours and 31 

minutes a day across a number of platforms (Kemp, 2023). SNSs play an integral role in modern social 

interactions, influencing how people connect and share experiences. Early research on SNSs has mainly focused 

on understanding how long and how often people engage with these platforms, relying on general use 

measures that capture the frequency of SNS use. However, a growing body of literature emphasises the 

importance of examining how and why people spend their time on SNSs, as this provides a more nuanced 

picture of individual use (Valkenburg, Beyens et al., 2022; Webster et al., 2021).  

User engagement on SNSs is commonly categorised into two broad categories: passive and active use 

(Valkenburg, van Driel, et al., 2022; Verduyn et al., 2017). Verduyn et al. (2017) defined passive use as the act of 

observing other users’ content without engaging in direct exchanges. Examples of passive use include scrolling 

through newsfeeds or looking at other users’ profiles or pictures without liking them or commenting on them. 

Active use, on the other hand, involves activities that facilitate direct interactions with other users. This includes 

both direct communication (e.g., one-on-one interactions) and nontargeted interactions (e.g., broadcasting). 

Active SNS use often involves the creation of new content, such as writing and posting a status update or 

sending a direct message to another user (Verduyn et al., 2017). In a recent scoping review, Valkenburg, van 

Driel, et al. (2022) advocated for more nuanced assessments of social media use, contrary to general use 

measures such as the time spent on SNSs. In line with this suggestion, the present study aims to develop and 

validate a new measure of Instagram use that reflects active and passive use patterns and accounts for 

Instagram’s image-based design features. In addition, the study provides an example of how this newly 

developed scale may be associated with psychological outcomes by examining its relationship with users’ self-

reported levels of self-esteem. 

Previous SNS Use Scales 

Early research on SNS use and its connection to psychological outcomes almost exclusively focused on 

Facebook, but more recent studies also consider other social media platforms. For instance, Hancock et al. 

(2022) found that studies on Facebook accounted for 63% of all effect sizes in their comprehensive review of 

1,279 effect sizes from 226 studies. While Facebook is still the most popular SNS (Statista, 2023), more 

adolescents are using Instagram as one of their preferred platforms (Vogels et al., 2022), which highlights the 

need to expand research to other SNSs. This is especially relevant given the potential psychological 

consequences of SNS use (Faelens et al., 2021; Saiphoo et al., 2020). Furthermore, studying different SNSs is 

important as image-based content compared to text-based content shared on SNSs has shown stronger 

negative associations with users’ mood and subjective well-being (B. K. Johnson & Knobloch‐Westerwick, 2017). 

In addition, people tend to use different SNSs in distinct ways, tailoring their self-presentation based on the 

specific features of each platform, such as images vs text-based options. For instance, in an early study, teenage 

girls stated that their Facebook profiles represented the “real them” compared to X (formerly Twitter), 

Formspring, and Ask.fm (Binns, 2014). The latter two were early social networking sites where users could ask 

and respond to questions anonymously. More recent research that explored self-presentation across more 

contemporary platforms such as Instagram, TikTok, LinkedIn, and Facebook, has echoed these findings (e.g., 

Taber & Whittaker, 2018; Zhong et al., 2017). Zhong et al. (2017) showed that users adapt their profile images 

and descriptions depending on the platform’s social expectations, while Taber and Whittaker (2018) 

demonstrated that personality traits are expressed differently across platforms based on their design features. 

However, the widespread use of non-validated, self-created scales across studies undermines the comparability, 

reliability, and replicability of the evidence on active and passive SNS use. For instance, Valkenburg, van Driel, et 

al. (2022) found that 90% of the studies they reviewed used their own operationalisations of passive and active 

SNS use. Furthermore, the dichotomy of categorising SNS activities into only active and passive use might not 

fully capture the nuances of SNS engagement. Valkenburg, van Driel, et al. (2022) conducted a critical review and 

found that a substantial number of studies do not support the hypothesised link between active and passive 

SNS use and well-being, suggesting that this simple active-passive dichotomy may be insufficient to capture 

these dynamics. 



 

In an earlier study, Gerson et al. (2017) developed and validated the Passive Active Use Measure (PAUM) for 

Facebook. The authors stated that their research was motivated by the heretofore lack of Facebook use 

measures that addressed the variety of ways users interact with the site. In addition to active and passive 

Facebook behaviour, they found that active use can further be categorised into two groups: active social and 

active non-social usage (Gerson et al., 2017). Active social use consists of activities where the user actively 

engages with other users with the intent of socialising. These activities include commenting on other users’ 

content or sending direct messages to others. In contrast, active non-social use is defined as activities where 

users are creating content, but not with the intent to actively interact with other users (e.g., tagging users in 

pictures). Given these findings, accounting for Instagram’s unique image-based features and how users interact 

with them may offer a more comprehensive understanding of user behaviours and potential links to 

psychological outcomes. The scale developed in this paper considers various dimensions of active Instagram use 

in addition to passive use. The following section outlines the characteristics that distinguish Instagram from 

other SNSs, followed by a discussion of the literature supporting the development of this new scale. 

Instagram’s Design Features 

Instagram, which is owned by Meta, is currently one of the most popular image-based SNSs with 2 billion unique 

monthly users (Zote, 2023). Instagram differs from other SNSs by dedicating its interface solely to visual content 

like photos and short videos, and many young people use Instagram as their primary SNS (Zote, 2023). Unlike 

other SNSs, such as X or Facebook, Instagram focuses on image-centred content-sharing, and, thus, users 

cannot post a written text without a photo or video. Created content is published on profiles and can be shown 

on newsfeeds, where other users can interact and provide feedback by sharing, liking or commenting, enabling 

visible social validation. 

Although features, such as personal curated profiles, content feeds, and options to follow other users, can be 

found across most SNS platforms, Instagram’s platform design amplifies specific visual features that may 

enhance its influence on users’ psychological outcomes. As highlighted by Orben et al. (2024), SNS design 

options shape how users engage with the platform by emphasising, to various extents, visibility, quantifiability, 

and personalisation, which can trigger processes of social evaluations. In contrast to many other SNSs, the 

default setting is to have public profiles on Instagram, making it possible to interact with content posted by 

people whom the user does not know personally. Unlike, for instance, on Facebook where becoming friends is 

reciprocal, following someone on Instagram is often unidirectional (Clark-Keane, 2023; Crawford, 2023). This 

design feature increases users’ exposure to unfamiliar audiences and makes public visibility a central 

component of Instagram engagement. Users may feel heightened pressure to manage and curate their online 

appearances, presenting an idealised online self (e.g., Harris & Bardey, 2019), driven by Instagram’s social 

feedback metrics, such as likes, comments, and follower count, with the latter always being publicly visible. This 

may lead to “like-seeking” behaviour, such as using filters to improve images (Dumas et al., 2017). This constant 

visibility makes evaluations of oneself both persistent and public (Orben et al., 2024). Furthermore, it is easy to 

engage with the content of celebrities, prominent individuals, and strangers, as discussed further below. 

Another feature that is not common across SNS platforms is the explore page (Salvalaggio, 2024; Stefanski, 

2021), which is similar to the regular news feed, where the user can see content posted by the users they follow 

(as, e.g., seen on Facebook and X). However, the explore page is powered by algorithm-based content 

recommendations that show users content from accounts they are not currently following. In other words, 

Instagram users are not solely exposed to content from people the user knows or follows. This algorithmic 

personalisation can create curated realities that reinforce upward social comparisons and perceived inadequacy, 

especially when curated online personas are interpreted as authentic representations of others’ lives (Schreurs 

et al., 2023). The editability of Instagram content further intensifies this process by allowing users to construct 

idealised online personas. This specific feature is particularly salient on Instagram as it originally offered users 

the option to beautify their images and videos by using various filters provided by Instagram (L. Johnson, 2017). 

Given Instagram’s distinct design features that amplify social comparisons, feedback sensitivity, and self-

presentation pressures, understanding its effects on users’ psychological outcomes requires platform-specific 

measures. As highlighted by Orben et al. (2024), social media’s psychological effects emerge not from platform 

design alone but from the interaction between platform features and user behaviour. However, research on 

Instagram use and its psychological effects has been marked by measurement inconsistencies, with many 

studies relying on unvalidated, single-item self-report measures, limiting the reliability of findings (Faelens et al., 



 

2021). Additionally, studies often reduce Instagram use—or social media use in general—to general engagement 

measured as the time spent on the platform (e.g., Coyne et al., 2020; Woodward et al., 2025), overlooking the 

complexity of user behaviour. 

These limitations have made it challenging to draw consistent conclusions about the platform’s psychological 

effects. Acknowledging these challenges, Faelens et al. (2021) suggested in their comprehensive review that 

future research would benefit from a well-validated and reliable measure of Instagram use that could be applied 

consistently across studies. In this context, the development of the iPAUM aims to fill this gap by offering a 

platform-specific measure designed to capture distinct types of Instagram behaviours. 

Criterion Validity 

Criterion validity for the new iPAUM scale is established by demonstrating meaningful correlations with variables 

that are theoretically and empirically linked to Instagram engagement patterns. Subjective well-being and 

Instagram intensity are the focus for this purpose, as both concepts have been linked to previous measures of 

SNS use in the literature (e.g., Gerson et al., 2017). 

Early research linked passive SNS use to lower levels of well-being while active use of SNSs has been positively 

associated with well-being (Verduyn et al., 2017). A recent meta-analysis of 141 studies found a positive 

association between active SNS use and well-being (r = .15) and positive affect (r = .11; Godard & Holtzman, 

2024). J.-L. Wang et al. (2017) investigated passive SNS use and its associations with subjective well-being, 

focusing on the mediating roles of making comparisons to other users and self-esteem. Using Qzone and 

WeChat (popular SNSs in China), they found that passive SNS use was positively related to feeling worse when 

comparing oneself to others, which was related to users’ lower self-esteem and consequently their subjective 

well-being.  

In contrast, other studies have indicated that active use can result in negative outcomes under certain 

conditions, such as cyberbullying or a lack of reciprocity in interactions (Verduyn et al., 2022), while passive use 

can foster positive experiences like inspiration (Meier & Krause, 2023). However, studies often suggest positive 

associations between active use and a number of positive psychological outcomes. For instance, Trifiro and 

Prena (2021) found that active Instagram users reported higher levels of well-being and self-esteem. This 

relationship was mediated by the intensity of Instagram use. Instagram intensity reflects the overall level of 

engagement with the platform and the user’s motivation for using it. It is thus expected that levels of Instagram 

intensity are positively associated with active engagement styles, reflecting a more participatory and emotional 

connection with the platform. This relationship has already been confirmed for Facebook (Gerson et al., 2017). 

Including Instagram intensity as a criterion variable allows validation of the iPAUM scale against a behavioural 

and emotional measure of Instagram use. After establishing the criterion validity of the iPAUM, the subsequent 

analyses demonstrate how the sub-scales may relate differently to a psychological outcome measure that is 

frequently examined in the context of SNS use, namely self-esteem. 

SNS Use and Self-Esteem 

As people are spending more time on SNSs, it is important to look at how SNS use might be related to 

psychological factors. Previous studies have shown that SNS use is associated with users’ level of self-esteem 

(Saiphoo et al., 2020); however, this relationship can be conceptualised in different ways. Research suggests that 

self-esteem can either be boosted or reduced when using SNSs. Comparing oneself to other users via posted 

content on SNSs can reduce self-esteem (Le Blanc-Brillon et al., 2025; McComb et al., 2023), while receiving 

feedback on posted content can enhance self-esteem (Burrow & Rainone, 2017). Self-esteem can also be the 

motive to use SNSs. The social comparison hypothesis suggests that people who express lower levels of self-

esteem feel more comfortable using SNSs compared to real-life interactions (Liu & Baumeister, 2016). 

Furthermore, the rich-get-richer hypothesis suggests that people who report higher levels of self-esteem use 

SNSs to socialise in the same way they otherwise would in real-life settings to further boost their self-esteem 

(Cheng et al., 2019; Faraon & Kaipainen, 2014). R. Wang et al. (2017) differentiated between viewing selfies and 

posting selfies on Instagram and Facebook, which fits the definition of passive and active use respectively, and 

they found that looking at selfies was associated with lower levels of self-esteem. In contrast, posting selfies was 

not significantly associated with levels of self-esteem. Trifiro (2018) found a significant relationship between 

active Instagram use and subjective well-being and self-esteem. However, it was argued that Instagram intensity, 



 

rather than the type of Instagram use, shaped the relationship between Instagram use and self-esteem, as the 

associations between active Instagram use and subjective well-being and self-esteem were not significant when 

controlling for Instagram intensity. It is important to note that Trifiro (2018) employed the PAUM (Gerson et al., 

2017), which was specifically developed for Facebook. As Instagram and Facebook differ in their key digital 

features, it is important to use a measure that has been specifically developed for Instagram, as otherwise 

important aspects might be lost in the adaptation of a measure from one SNS to another. 

Overall, findings from studies that have explored associations between overall SNS use and self-esteem are 

mixed. Some studies found a negative association between frequent SNS use and levels of self-esteem, while 

other studies found that more frequent SNS use is associated with higher levels of self-esteem (Valkenburg et 

al., 2017). A recent meta-analysis found an overall small, negative, and significant association between SNS use 

and self-esteem (Saiphoo et al., 2020). Saiphoo et al. (2020) suggested that the small effect size stems from the 

mixed results found in the literature. They argued that future research should focus on investigating different 

types of SNS use, e.g., splitting SNS use into passive and active categories. As people use SNSs with different 

motives and therefore possibly receive different outcomes, it is plausible that the direction of the association 

between self-esteem and SNS use might be related to whether users engage on these platforms mostly actively 

or passively. 

Self-esteem is thus a good psychological measure to demonstrate whether a more nuanced measure of 

Instagram, with several sub-scales of active and passive use, provides additional insights into the relationship 

between reported self-esteem and Instagram engagement compared to a general use measure.  

Following Strangers on Instagram 

Previous studies highlighted that following strangers, i.e., people whom the user does not know personally, may 

amplify negative social comparisons due to the curated nature of their content (Hunt et al., 2023; Lup et al., 

2015). Research has further shown that users who follow a higher proportion of strangers are more likely to 

perceive others as leading better lives (Chou & Edge, 2012) and experience increased feelings of inadequacy 

(Gaol et al., 2018). Some users even develop parasocial relationships with celebrities and influencers on SNSs in 

which they form a one-way socio-emotional connection with the social media personality with varying 

consequences for their well-being, including positive outcomes such as feelings of connection but also potential 

negative outcomes through social comparison (Hoffner & Bond, 2022). These dynamics suggest that the 

percentage of strangers followed could play a significant role in users’ patterns of engagement on Instagram. 

Control Variables 

Gender and age have routinely been shown to be important variables to consider when investigating self-

esteem levels and SNS behaviour, as different age groups and genders interact with SNSs differently (Fioravanti 

et al., 2019; Frison & Eggermont, 2015; J.-L. Wang et al., 2017). Income and employment status are often 

considered in relation to self-esteem; especially unemployment has been found to be associated with lower self-

esteem (Goldsmith et al., 1997). Further, employment status could be associated with the time available to 

spend on SNSs; e.g., an unemployed individual might have more time available to spend on SNSs compared to 

someone who is employed full-time. Lastly, research on SNSs has shown how people of various educational 

backgrounds use SNSs differently; thus, education level might be associated with different SNS usage 

(Bonsaksen et al., 2024). 

Study Aims 

This paper aims to develop and validate a new psychometric scale to assess passive and active Instagram use 

(iPAUM), similar to the Passive Active Use Measure (PAUM) for Facebook (Gerson et al., 2017), which is widely 

used in the literature on SNS use (e.g., Allcott et al., 2020; Kingsbury et al., 2021). To demonstrate how the iPAUM 

may be applied to relate psychological outcomes to SNS engagement, associations between passive and active 

Instagram use and levels of self-esteem are examined. The paper includes two studies. In Study 1, an 

Exploratory Factor Analysis (EFA) is employed to develop the iPAUM. The second study focuses on validating the 

measure using Confirmatory Factor Analysis (CFA). In the second part of Study 2, the same data are used to 

explore associations between the factors of the newly developed iPAUM and levels of self-esteem. 



 

Based on the findings from the literature discussed above, the following hypotheses are formulated and tested 

in the second part of Study 2 (these correspond to the first parts of H1 and H2 in the preregistration):  

H1: Passive Instagram use is associated with lower levels of self-esteem. This association is moderated by the 

percentage of strangers followed. 

H2: Active Instagram use is associated with higher levels of self-esteem. This association is moderated by the 

percentage of strangers followed. 

In particular, it is hypothesised that the percentage of strangers followed weakens the association between 

active Instagram use and self-esteem, while, in contrast, the percentage of strangers followed strengthens the 

association between passive Instagram use and self-esteem. 

Study 1 

Exploratory Factor Analysis (EFA) 

The aim of Study 1 was to adapt the PAUM for Facebook (Gerson et al., 2017) to create a new multi-item scale 

that measures active and passive Instagram use, the iPAUM. The results of the EFA were then subjected to 

replication with a new sample in Study 2. 

Methods 

Data 

In July 2020, 289 respondents (80 males, 207 females, 1 did not specify their gender, Mage = 30.4, SD = 10.21) who 

used Instagram were recruited online through Prolific Academic over a 7-day period. Ethics approval for this 

study and Study 2 was obtained from the Department of Psychology and Neuroscience at City St George's, 

University of London. Respondents were only included in the sample if they were older than 18 and used 

Instagram. Respondents accessed the study through the survey site Qualtrics, where they gave informed 

consent before completing the questionnaire. The survey contained measures for several studies including 

questions assessing Facebook behaviour and SNS use during the Covid-19 pandemic. Respondents were paid a 

compensation of £1.50 for their time (median time = 15 minutes). The respondents were aged between 18 and 

64, with most reporting full-time employment (55% employed, 13% unemployed, 8% on furlough, 18% students, 

1% retired, 2% long-term sick or disabled, and 3.5% other). Most respondents had obtained a university degree 

(69% had a bachelor’s degree, 29% had a master’s degree, and 2% had a doctoral degree). 

To ensure the quality of the data, attention checks were used in the survey. The questionnaire included two 

attention checks, asking the respondents to Please select ‘Rarely (25%)’ for this question and Please select ‘Somewhat 

disagree’ for this question. The attention checks were part of two matrix-style questions to ensure that 

respondents were reading the questions. Those who failed both attention checks were disqualified and were not 

able to finish the questionnaire. One respondent failed both attention checks and was excluded from the 

dataset, thus resulting in the aforementioned sample of 289 respondents. The final sample size of 289 

participants met the recommended guidelines for exploratory factor analysis, which suggest a minimum of 5–10 

participants per item and/or a total sample size of at least 200 (Costello & Osborne, 2005). The study was 

preregistered on As Predicted (https://aspredicted.org/rh2z-mf39.pdf). The preregistration included details on 

the key dependent variables, hypotheses, and the statistical analysis. Deviations from the preregistration are 

discussed in the general discussion below. 

Measures 

The iPAUM. The new measure of passive and active Instagram use, the iPAUM, was created by adapting the 

PAUM for Facebook developed by Gerson et al. (2017). The PAUM for Facebook consists of 13 questions which 

categorise various Facebook activities into three categories: Active-social, Active-nonsocial, and passive use. 

Respondents report how frequently they perform each activity on a scale ranging from (1) Never (0% of the time) 

to (5) Very frequently (Close to 100% of the time). The PAUM for Facebook was used as the basis for creating the 

iPAUM, adding new items specific to Instagram, and removing items which were not relevant for Instagram use. 

https://aspredicted.org/rh2z-mf39.pdf


 

The iPAUM shares the same format as the PAUM for Facebook by asking respondents: How frequently do you 

perform the following activities when you are on Instagram. Answer categories are presented on the same 5-point 

scale, ranging from (1) Never (0% of the time) to (5) Very frequently (Close to 100% of the time). However, as 

Facebook and Instagram facilitate different platform-specific activities, 5 items (Posting status updates, Chatting on 

FB chat, Creating or RSVPing to events, Tagging photos, Tagging videos), were dropped from the PAUM for Facebook 

as these features are not available on Instagram. To capture the major features of Instagram, 16 new items were 

added to the iPAUM. The inclusion of the new items was guided by Instagram’s documented features at the time 

of data collection (Ward, 2024). 

The PAUM for Facebook contains items for passive and active use of the Facebook newsfeed. Instagram has 

both a newsfeed and an explore page, thus, for the iPAUM, two new items were added to investigate how users 

actively or passively engage with the explore page. Eight new items were added to the iPAUM to explore how 

people engage with stories and live streams. On Instagram content can be forwarded to other users’ direct 

message inboxes. Two new items, for picture and video sharing, were added to reflect these Instagram features 

in addition to sending direct messages to other users. Lastly, four items were added to reflect the Instagram activity 

of liking content. In contrast to commenting on content, liking is less of a social activity in nature. Thus, by 

separating commenting and liking, it is possible to explore if these items load onto different factors. In conclusion, 

the iPAUM consists of 26 items, describing all major features of Instagram and how people can engage with 

them (see Table 2 for the full list of 26 items). 

Subjective Well-Being. To validate the iPAUM, two measures of subjective well-being, namely hedonic and 

eudaimonic well-being, were included. Hedonic well-being emphasises pleasure and the avoidance of pain, while 

eudaimonic well-being focuses on meaning, self-realisation, and full functioning (Ryan & Deci, 2001). These two 

concepts of subjective well-being were measured with the Satisfaction with Life Scale (SWLS; Diener et al., 1985) 

and the Flourishing Scale (Diener et al., 2010). The SWLS assesses hedonic well-being by asking respondents to 

rate their agreement with 5 statements reflecting various aspects of life satisfaction; for instance: In most ways 

my life is close to my ideal. Responses were given on a 7-point Likert scale ranging from (1) strongly disagree to (7) 

strongly agree. The Flourishing Scale includes 8 statements that are assessed on a 7-point Likert scale with 

responses ranging from (1) strongly disagree to (7) strongly agree. This scale captures the respondent’s 

eudaimonic well-being through statements such as I lead a purposeful and meaningful life and My social 

relationships are supportive and rewarding.  

Instagram Intensity. Instagram intensity, which was also included to validate the iPAUM, was measured using 

the adapted version of the multi-dimensional Facebook intensity scale (adapted by Trifiro, 2018, for Instagram 

from Ellison et al., 2007, for Facebook use). Instagram intensity captures a user’s engagement with Instagram in 

everyday life and their motivation for using Instagram. Responses were given on a 5-point Likert scale ranging 

from (1) strongly disagree to (5) strongly agree. See Table 1 for the internal reliability and descriptive statistics for 

the measures used for validation. 

Table 1. Descriptive Statistics and Reliability for Study 1 Measures Used for Validation.  

 Mean SD Min Max α 

Satisfaction with Life Scale 22.0 6.4 5 34 .88 

Flourishing Scale 43.3 7.1 16 56 .90 

Instagram Intensity 2.9 0.9 0 4.5 .86 

Note. N = 289, α = Chronbach’s alpha from Study 1 sample. 

Analytical Strategy 

To perform the following analysis, R statistical software (R Core Team, 2018) was used, utilising the psych and 

lavaan packages (Revelle, 2019; Rosseel, 2012). To assess normality, each item of the iPAUM was tested using 

skewness and kurtosis thresholds, with values between −2 and +2 considered acceptable (Hair et al., 2021). All 

items, except for three, were normally distributed. Three items related to Instagram’s “live” function (Watching 

live stories, Broadcasting live stories, and Interacting with live stories) showed significant deviations from normality. 

Following this, all four items related to Instagram’s “live” function were removed, as maximum likelihood 

estimation assumes normally distributed variables. To investigate the latent factors of Instagram behaviour, 

maximum likelihood EFAs with two, three, four, and five-factor solutions using the oblique method were 

performed. To assess the factor structure of the iPAUM, items were considered to load strongly on a factor if 



 

their loadings were above .40, while cross-loadings were considered problematic if they exceeded .30, following 

guidelines by Howard (2016). First, the models were tested with an oblimin rotation, however, several items 

cross-loaded on multiple factors. A geomin rotation was applied instead, as also seen in Gerson et al. (2017). 

Geomin rotation is recommended when factor indications have strong loadings on several factors (Browne, 

2001). Pearson’s correlations between the iPAUM factors, the two subjective well-being measures, and Instagram 

intensity were computed to establish discriminant and convergent validity. Internal consistency was evaluated 

using Cronbach’s alpha, with α > .70 indicating acceptable reliability (Nunnally & Bernstein, 1994).  

Correlations were interpreted based on Cohen’s (1988) guidelines, where values above .50 were considered 

strong, between .30 and .50 moderate, and below .30 weak. In line with established models of multidimensional 

behaviour on social media (e.g., Meier & Krause, 2023; Verduyn et al., 2022), two- to five-factor solutions to 

empirically assess the latent structure of Instagram behaviours. This approach was grounded in the assumption 

that social media use consists of multiple interacting dimensions. The final factor solution was selected based on 

a combination of statistical fit indices and theoretical interpretability, ensuring that the retained factors captured 

distinct yet conceptually meaningful types of Instagram engagement. 

Results 

The results of the EFA indicated an inadequate model fit for the two-factor solution: χ2 = 664.28, df(151), p < .001, 

RMSR = .06, based on the conservative fit thresholds, where an RMSR value of < .05 suggests a good fit 

(Schumacker & Lomax, 2010, p. 76). The three-factor solution indicated a better fit: χ2 = 379.55, df(133), p < .001, 

RMSR = .05. The four-factor solution demonstrated an improvement: χ2 = 344.08, df(149), p < .001, RMSR = .04. 

The five-factor solution indicated a better fit: χ2 = 229.18, df(131), p < .001, RMSR = .03. However, none of the 

items loaded strongly onto the fifth factor. Therefore, it was decided that the four-factor solution was the most 

appropriate structure for the iPAUM. 

The factor loading for item 10 cross-loaded between factor 1 and factor 4. Item 9 cross-loaded between factor 1 

and factor 3. Item 14 and item 25 did not load onto any of the factors (cut-off ≤ .3). Items 9 and 10 exceeded the 

cut-off for cross-loadings (≤ .3) and were therefore excluded from the scale and further analysis. After items 9, 

10, 14, and 25 were removed, the model fit for the four-factor solution improved: χ2 = 182.68, df(87), p < .001, 

RMSR = .04. See Table 2 for factor loadings, eigenvalues, and variances.  

In conclusion, the iPAUM consists of four distinct factors. The first factor contains items which reflect active use, 

including active social use in a reactive manner. The factor includes items such as Commenting on other users’ 

stories, and Browsing the newsfeed actively (liking and commenting on other users’ posts). Following this, the factor 

was labelled “Active reacting”. The second factor consists of items related to passive Instagram use, such as 

Viewing photos (without liking or commenting), Browsing the explore page passively (without liking or commenting on 

posts), and Looking through a celebrity/influencer’s posts. The second factor was therefore labelled “Passive”. The 

third factor contains items for active Instagram use, which involve direct social engagement, such as Sending 

direct messages to other users and Forwarding photos to other users (or tagging other users in photos). The third 

factor was labelled “Active direct social”. The fourth factor includes items for active Instagram use where the user 

creates content such as Posting photos to your profile and Posting stories to your profile. The fourth factor was 

therefore labelled “Active creating”. 

Internal Reliability and Correlation 

The four factors demonstrated good internal reliability (Active reacting α = .85; Passive α = .81; Active direct 

social α = .87; Active creating α = .79). While the factors of the iPAUM were correlated, they remained 

conceptually distinct. Active reacting was strongly correlated with Active direct social (r = .60, p < .001) and Active 

creating (r = .66, p < .001). Active direct social and Active creating were strongly correlated (r = .51, p < .001). This 

intercorrelation is consistent with theoretical expectations, as all three factors represent different types of active 

engagement but capture distinct interaction types: Active reacting involves minimal engagement, such as liking 

and reacting to posts, while Active direct social includes direct interpersonal communication through messages 

or tagging. Active creating, in contrast, involves content production such as posting images or videos. Passive 

use was moderately correlated with Active reacting (r = .43, p < .001), Active direct social (r = .38, p < .001), and 

Active creating (r = .27, p < .001). These moderate correlations suggest that while passive use may co-occur with 



 

active behaviours (e.g., liking), it remains functionally distinct from activities requiring explicit interaction or 

content creation.  

Table 2. Factor Loadings for the iPAUM. 

iPAUM item 
Factor loading 

Active reacting Passive Active direct social Active creating 

1. Posting photos to your profile    .87 

2. Posting videos to your profile    .45 

3. Posting stories to your profile    .54 

5. Commenting on other users’ photos .64    

6. Commenting on other users’ videos .73    

7. Commenting on other users’ stories .87    

11. Liking other users’ stories .78    

13. Sending direct messages to other users   .54  

14. Searching for other user’s accounts to see what 

they are up to 
    

15. Viewing photos (without commenting or liking)  .81   

16. Viewing videos (without commenting or liking)  .64   

17. Viewing stories (without commenting or liking)  .56   

19. Forwarding photos to other users (or tagging other 

users in photos) 
  .86  

20. Forwarding videos to other users (or tagging other 

users in videos) 
  .89  

21. Browsing the newsfeed passively (without liking or 

commenting on posts) 
 .85   

22. Browsing the newsfeed actively (liking or 

commenting on other users’ posts) 
.40    

23. Browsing the explore page passively (without liking 

or commenting on posts) 
 .54   

24. Browsing the explore page actively (liking or 

commenting on other users’ posts) 
.41    

25. Looking through friends’ posts     

26. Looking through a celebrity/influencer’s posts  .41   

Eigenvalue 2.9 2.7 2.0 1.3 

Variance 16% 15% 11% 7% 

Note. Factor loadings are only displayed if they are above 0.30. Eigenvalues and variances do not include removed items. 

Discriminant and Convergent Validity 

Two subjective well-being measures were employed to establish discriminant validity. These correlations were 

used to demonstrate that the different scales do not measure the same concept. Even though there were some 

significant correlations, the iPAUM shows evidence of measuring distinct constructs from the other scales (see 

Table 3). A measure of Instagram intensity was employed to test convergent validity. The iPAUM showed good 

convergent validity as Instagram intensity and the iPAUM theoretically should be correlated. 

Table 3. Correlations of the iPAUM Sub-Scales With Other Scales – Study 1. 

 Active reacting Active direct social Passive Active creating 

Satisfaction with Life Scale .08 .07 −.09 .13* 

Flourishing Scale .09 .13* −.03 .11 

Instagram Intensity .55*** .55*** .41*** .54*** 

Note. *p < .05, **p < .01, ***p < .001. 



 

Discussion 

The aim of Study 1 was to create and validate a new multi-item measure which describes active and passive 

Instagram use. To do so, the PAUM for Facebook (Gerson et al., 2017) was adapted to reflect Instagram 

engagement. An EFA was conducted to investigate the latent factors of the new measure. This resulted in a new 

measure, the iPAUM, which consists of 18 items which load onto four factors: Active reacting, Active direct social, 

Active creating, and Passive (see Appendix A for a full list of items). The four factors showed good internal 

reliability, discriminant validity, and convergent validity. 

Similar to the PAUM for Facebook, passive Instagram use reflects a type of engagement where Instagram users 

are both non-social and passive, i.e., not creating any content. Active reacting Instagram use reflects Instagram 

behaviour which is active in a reactive manner. In contrast, active direct social reflects direct communication with 

other Instagram users. Lastly, Active creating reflects Instagram use where a user is creating content for 

Instagram. 

Study 2 

Aim 1: Confirmatory Factor Analysis (CFA) 

The first aim of Study 2 was to replicate the factor structure of the iPAUM found in Study 1. Data was collected 

using Prolific Academic to run a confirmatory factor analysis for this purpose. 

Methods 

Data 

Respondents for the CFA were recruited through Prolific Academic over 12 days in August 2020. Respondents 

were only included in the sample if they were 18 or older and used Instagram. As in Study 1, two attention 

checks were included, and participants who failed both attention checks were excluded from the dataset. 

Furthermore, respondents were removed from the sample if they completed the questionnaire faster than half 

of the estimated time. The estimated completion time was based on the median time from Study 1. Thus, 

respondents in Study 2 who completed the questionnaire in less than 7 minutes were excluded, which resulted 

in the removal of 20 respondents. None of the respondents failed both attention checks. After the exclusion, the 

sample consisted of 297 respondents (131 males, 166 females, Mage = 29.6, SD = 9.8). Respondents accessed the 

study through the survey site Qualtrics, where they gave informed consent and completed the questionnaire. 

The questionnaire contained measures for several studies, including questions assessing Facebook behaviour 

and SNS use during the Covid-19 pandemic. Participants were paid £1.50 as compensation for their time 

(Median time = 14 minutes). The respondents were aged between 18 and 63, with most respondents reporting 

full-time employment (61% employed, 12% unemployed, 4% on furlough, 18% students, 1% retired, 2% long-

term sick or disabled, and 2% other). Most respondents (58%) had obtained a university degree (69% had a 

bachelor’s degree, 27% had a master’s degree, and 3% had a doctoral degree). The sample size of 297 

participants aligns with recommendations for confirmatory factor analysis, which suggest a minimum of  

200–300 participants for models with 15–20 observed variables and multiple latent constructs (Kyriazos, 2018; 

Wolf et al., 2013). 

Measures 

Respondents from Study 2 completed the finalised 4-subscale version of the iPAUM, including the same two 

subjective well-being measures and the Instagram intensity measure. See Table 4 for descriptive statistics and 

internal reliability for all measures included in Study 2, Aim 1. 

Analytical Strategy 

The data from Study 2 were analysed with maximum likelihood confirmatory factor analysis (CFA) using R 

statistical software (R Core Team, 2018) and the lavaan package (Rosseel, 2012). The four factors of the iPAUM 



 

investigated in Study 1 were tested for normality. Active reacting and Passive were normally distributed, while 

Active direct social (Skewness = 5.0, Kurtosis = −5.9) and Active creating (Skewness = 5.2, Kurtosis = 4.4) were not. 

Due to the non-normality, Satorra-Bentler scaled chi-square was applied to approximate chi-square for the CFA.  

Table 4. Descriptive Statistics and Internal Reliability for Study 2, Aim 1 Measures. 

 Mean SD Min Max α 

iPAUM      

Active creating 6.9 2.4 3.0 15.0 .74 

Active reacting 15 4.5 6.0 29.0 .83 

Passive 20.5 4.7 6.0 30.0 .79 

Active direct social 7.4 3.2 3.0 15.0 .88 

Satisfaction with Life Scale 21.7 6.7 5 35 .90 

Flourishing Scale 42.9 7.1 12 56 .89 

Instagram Intensity 2.9 0.8 0.0 4.6 .82 

Note. N = 297, α = Cronbach’s alpha. 

Results 

The CFA was conducted using robust maximum likelihood estimation and the Satorra-Bentler correction. The 

model showed borderline acceptable fit: scaled χ²(129) = 311.96, p < .001, robust RMSEA = .074,  

90% CI [.064, .084], robust CFI = .909, and SRMR = .089. While the fit is borderline, the fit statistics show a very 

similar fit to the Facebook version of the PAUM scale (Gerson et al., 2017), which is widely used in Facebook 

research to measure engagement, and on which this scale was based. It is also worth noting that CFA typically 

works well for reflective factors, i.e., there is a latent trait that causes the behaviours that are captured by the 

items of the factor. Perhaps scales that measure social media use should rather be interpreted as formative 

factors, which could explain the borderline acceptable fit.  

All items loaded significantly on their respective latent factors (p < .001), with standardised factor loadings 

ranging from .47 to .96. Although the SRMR slightly exceeded the conventional cut-off of .08, the overall pattern 

of fit indices, particularly the RMSEA and CFI, indicates that the model provides an adequate representation of 

the hypothesised four-factor structure. No extreme residual covariances were detected, although several pairs 

(e.g., item 16 and item 17 = .35; item 15 and item 18 = .30) showed localised dependence. 

Internal Reliability and Correlations 

Cronbach’s alphas showed good internal reliability for Study 2 measures (Table 4). The correlations for the 

factors of the iPAUM in Study 2 were similar to those found in Study 1. Active reacting was strongly correlated 

with Active direct social (r = .52, p < .001) and Active creating (r = .54, p < .001). Active direct social was strongly 

correlated with Active creating (r = .43, p < .001). Passive use was moderately correlated with Active reacting 

(r = .20, p < .001), and Active direct social (r = .29, p < .001). Passive use was not correlated with Active creating 

(r = .03, p > .05). 

Discriminant and Convergent Validity 

To test for discriminant validity, Pearson’s correlations with two subjective well-being measures were computed 

to verify that the sub-scales for passive and active Instagram use measured unique concepts (Table 5). The 

iPAUM showed good evidence of measuring distinct constructs. Furthermore, Instagram intensity was used to 

test convergent validity (Table 5). As also seen in Study 1, the iPAUM showed good convergent validity. 

Discussion 

The first aim of Study 2 was to conduct a CFA to confirm the structure of the factors of the iPAUM. The results of 

the CFA supported the structure of the factors found in Study 1, thus confirming the results. Again, the iPAUM 

factors showed good internal reliability and good discriminant validity against the two subjective well-being 



 

measures. Furthermore, the iPAUM showed good convergent validity against the Instagram intensity scale (see 

Appendix A for the final version of the iPAUM). 

Table 5. Correlations of the iPAUM Sub-Scales With Other Scales – Study 2, Aim 1. 

 Active reacting Active direct social Active creating Passive 

Satisfaction with Life Scale .16* .00 .18** −.01 

Flourishing Scale .18* −.04 .14* .02 

Instagram Intensity .53*** .47*** .53*** .25*** 

Note. *p < .05, **p < .01, ***p < .001. 

Aim 2: Testing Hypothesised Relationships for Self-Esteem 

The second aim of Study 2 was to further investigate associations between the factors of the iPAUM and self-

esteem to assess whether reported levels of self-esteem vary depending on the extent to which respondents 

engage with different Instagram features. Here, it was hypothesised that active Instagram use is associated with 

higher self-esteem, and passive Instagram use with lower self-esteem. The percentage of strangers followed on 

Instagram was also investigated to explore potential moderation effects in relation to these associations. Here, it 

was hypothesised that the percentage of strangers followed weakens the association between active Instagram 

use and self-esteem, while, in contrast, the percentage of strangers followed strengthens the association 

between passive Instagram use and self-esteem. 

Methods 

Data, Measures and Analytical Strategy 

The analysis employed the same data described in Study 2, Aim 1. A multiple regression was run using the 

factors of the iPAUM as independent variables to explore whether levels of self-esteem were linked to different 

types of Instagram behaviour. As these Instagram behaviours are not mutually exclusive, users can have 

different variations of high and low scores for active and passive Instagram use. Self-esteem was measured 

using the Rosenberg self-esteem scale (Rosenberg, 1965). The Rosenberg self-esteem scale is one of the most 

widely used measures of self-esteem and routinely shows good internal reliability (Saiphoo et al., 2020;  

Tinakon & Nahathai, 2012). The scale consists of 10 items, assessing respondents’ general feelings about 

themselves. Respondents were asked how strongly they agreed or disagreed with ten statements, on a scale 

from (1) Strongly agree to (4) Strongly disagree. Further, the percentage of strangers followed was measured by 

asking participants to estimate the proportion of their followed accounts that were not personal acquaintances, 

including influencers and celebrities. This self-reported measure has been used in prior research to capture 

exposure to strangers’ content (Lup et al., 2015). The inclusion of this variable allows an exploration of its 

potential moderating effects on the relationship between Instagram use behaviours and self-esteem. A total of 

297 participants were included in the regression models, which incorporated four iPAUM factors, interaction 

terms, and control variables. Although no a priori power analysis was conducted, the sample size meets the 

widely accepted heuristic of 10–20 cases per predictor (Green, 1991). 

The multiple regression model further included socio-demographic control variables which previously had been 

investigated in relation to SNS use and self-esteem levels, including gender, age, income level, whether the 

respondents had obtained a university degree, employment status, and relationship status. The squared term of 

age was also included to check if the relationship between age and self-esteem might be curvilinear. Income 

status was assessed by asking respondents to report how comfortably they were living on their present income 

with four options ranging from Living comfortably on present income to Very difficult on present income. Descriptive 

statistics for the variables that were included in Study 2 (Aim 2), in addition to those already described in Table 4, 

are reported in Table 6. 

 

 



 

Table 6. Descriptive Statistics and Internal Reliability for Study 2, Aim 2, Additional Measures. 

 Mean SD Min Max α 

Self-esteem 22.4 5.6 10 40 .90 

Percentage of strangers followed 48.0 29.5 0.0 100.0  

Socio-demographics      

Age 29.6 9.8 18.0 63.0  

Age2 974.0 711.9 324.0 3,969.0  

Income status      

Living comfortably on present income 0.3 0.5 0.0 1.0  

Coping on present income 0.5 0.5 0.0 1.0  

Difficult on present income 0.1 0.3 0.0 1.0  

Very difficult on present income 0.1 0.2 0.0 1.0  

Gender      

Male 0.4 0.5 0 1  

University degree      

Has university degree 0.6 0.5 0.0 1.0  

Relationship status      

In relationship/married 0.6 0.5 0 1  

Single 0.4 0.5 0 1  

Other 0.02 0.1 0 1  

Employment status      

Full-time employed 0.4 0.5 0 1.0  

Self-employed 0.1 0.3 0 1.0  

Part-time employed 0.1 0.3 0 1.0  

Unemployed 0.1 0.3 0 1.0  

Full-time student 0.2 0.4 0 1.0  

Long term sick or disabled 0.02 0.1 0 1.0  

On furlough 0.04 0.2 0 1.0  

Retired 0.01 0.1 0 1.0  

Other 0.02 0.1 0 1.0  

Note. α = Cronbach’s alpha. University degree was binary coded with 0 denoting that the respondent does not hold a 

university degree or higher. Descriptive statistics for the iPAUM scales can be found in Table 4. N = 297. 

Results 

The results (Table 7) showed a significant association between active direct social use and self-esteem in two of 

the three model specifications; a positive association in Model 1, which did not include additional predictors 

(Model 1: b = 0.26, p < .05) and a negative association in Model 3, which included control variables (Model 3: 

b = −0.61, p < .05). The percentage of strangers followed significantly moderated this association (Models 2 and 

3); the coefficient of the interaction between the percentage of strangers followed and active direct social use 

was positive (Models 2 and 3; b = 0.01, p < .01). 

Using simple slopes analysis and Johnson-Neyman intervals (Figure 1), the moderation was tested at three levels 

of percentage of strangers followed: one standard deviation below the mean, the mean, and one standard 

deviation above the mean. The negative association between active direct social and self-esteem is significant 

when the percentage of strangers is below 15%. When more than 67% of the accounts that users follow belong 

to strangers, the association between active direct social and self-esteem is positive. This means that when users 

mostly follow accounts of strangers, active direct social use is significantly related to higher levels of self-esteem. 

 

 



 

 
Figure 1. Simple Slopes Analysis and Johnson-Neyman Intervals. 

 

Note. Interaction effect of active direct social media use and percentage of strangers followed on self-esteem. The solid line represents self-

esteem at one standard deviation above the mean of percentage of strangers followed (+1 SD), the dashed line represents self-esteem at the 

mean, and the dotted line represents self-esteem at one standard deviation below the mean (−1 SD). Shaded regions indicate 95% 

confidence intervals for each level of the moderator. Self-esteem is plotted as a function of active direct social media use. For interpretation, 

the line intersections mark thresholds: below approximately 15% strangers followed (−1 SD) the slope is negative, above approximately 67% 

(+1 SD) it is positive, and between these values it is close to zero. 

 

The results showed no significant associations across all models between active creating use and self-esteem 

levels (Model 3: b = −0.01, p > .05), active reacting use and levels of self-esteem (Model 3: b = 0.05, p > .05), and 

passive use and self-esteem levels (Model 3: b = 0.09, p > .05). The percentage of strangers that a user follows 

only moderated the relationship between active direct social use and self-esteem levels. For a full overview of all 

models, see Table 7. 

Discussion 

The results of the multiple regression analysis did not support H1, which posited that passive Instagram use is 

associated with lower levels of self-esteem and that this relationship is moderated by the percentage of 

strangers followed. In addition, only one of the measures of active Instagram use, namely active direct social 

use, was positively related to levels of self-esteem (H2) in one of the three model specifications (Model 1), while 

this relationship was not significant (Model 2) or negative (Model 3) in the other specifications. Contrary to the 

“rich-get-richer” hypothesis, these findings suggest that heightened levels of active Instagram use might not 

necessarily bolster self-esteem. Specifically, active direct social use was found to be significantly and negatively 

associated with self-esteem, but only for those participants who followed fewer than 15% strangers. By contrast, 

for participants who followed more than 67% strangers, active direct social use was significantly and positively 

related to self-esteem. These findings add complexity to the understanding of Instagram behaviour, as it 

appears that communicating directly via Instagram might have different outcomes depending on the nature of 

one’s social network, particularly how many strangers one follows. For example, previous research has 

suggested that upward social comparisons are more pronounced when engaging with content from strangers 

(Chou & Edge, 2012; Gaol et al., 2018; Lup et al., 2015). However, this may be a double-edged sword, as other 

studies on Instagram have found that social comparisons are more likely to affect outcomes such as body image 

when comparing to friends rather than celebrities due to peers’ body types being seen as more realistic or 

achievable (Ho et al., 2016). These findings underscore the importance of distinguishing between content from 

friends, acquaintances and strangers when conducting research on Instagram. 



 

 

Table 7. Multiple Ordinary Least Squares Regression for Self-Esteem and the iPAUM Factors. 

 Model 1 Model 2 Model 3 

Predictors b SE β 
Std. 

SE 
CI p b SE β 

Std. 

SE 
CI p b SE β 

Std. 

SE 
CI p 

Intercept 22.55 1.76 −.00 0.06 
[19.09, 

26.00] 
<.001 20.42 3.08 .03 0.06 

[14.36, 

26.49] 
<.001 27.98 5.40 −.19 0.16 

[17.36,  

38.61] 
<.001 

Active direct social 0.26 0.13 .15 0.07 
[0.02, 

0.51] 
.036 −0.31 0.25 .18 0.07 

[−0.81, 

0.19] 
.224 −0.61 0.25 .02 0.08 

[−1.11,  

−0.11] 
.018 

Active creating −0.23 0.17 −.10 0.07 
[−0.55, 

0.10] 
.174 0.22 0.34 −.10 0.07 

[−0.44, 

0.89] 
.512 −0.01 0.34 −.12 0.07 

[−0.68,  

0.65] 
.972 

Active reacting −0.04 0.09 −.03 0.07 
[−0.22, 

0.14] 
.650 −0.10 0.20 −.06 0.08 

[−0.49, 

0.29] 
.604 0.05 0.19 .01 0.07 

[−0.33,  

0.42] 
.804 

Passive 0.00 0.07 .00 0.06 
[−0.14, 

0.15] 
.953 0.16 0.14 −.02 0.06 

[−0.10, 

0.43] 
.230 0.09 0.13 −.04 0.06 

[−0.17,  

0.35] 
.497 

Percentage of 

strangers followed 
      0.06 0.06 .12 0.06 

[−0.05, 

0.17] 
.274 0.03 0.05 .14 0.06 

[−0.07,  

0.14] 
.529 

Active direct social x 

Percentage of 

strangers followed 

      0.01 0.00 .22 0.08 
[0.00, 

0.02] 
.005 0.01 0.00 .22 0.08 

[0.00,  

0.02] 
.003 

Active creating x 

Percentage of 

strangers followed 

      −0.01 0.01 −.12 0.07 
[−0.02, 

0.00] 
.090 −0.01 0.01 −.07 0.07 

[−0.02,  

0.01] 
.313 

Active reacting x 

Percentage of 

strangers followed 

      0.00 0.00 .01 0.08 
[−0.01, 

0.01] 
.880 −0.00 0.00 −.02 0.08 

[−0.01,  

0.01] 
.838 

Passive x Percentage 

of strangers followed 
      −0.00 0.00 −.09 0.06 

[−0.01, 

0.00] 
.101 −0.00 0.00 −.07 0.06 

[−0.01,  

0.00] 
.199 

Male             −0.59 0.67 −.11 0.12 
[−1.91,  

0.74] 
.385 

Income status (ref: 

Living comfortably on 

present income) 

                  

Coping on present 

income 
            1.91 0.70 .34 0.13 

[0.53,  

3.29] 
.007 

Difficult on present 

income 
            4.32 1.04 .77 0.19 

[2.28,  

6.36] 
<.001 

Very difficult on 

present income 
            1.89 1.61 .34 0.29 

[−1.29,  

5.06] 
.243 

Age             −0.23 0.23 −.41 0.41 
[−0.68,  

0.22] 
.317 

  



 

 

Age2             0.00 0.00 .13 0.40 
[−0.01,  

0.01] 
.747 

Has university degree             −0.99 0.68 −.18 0.12 
[−2.33,  

0.34] 
.143 

Relationship status (ref: 

In relationship/ 

married) 

                  

Single             0.95 0.71 .17 0.13 
[−0.44,  

2.35] 
.180 

Other             −1.74 2.63 −.31 0.47 
[−6.91,  

3.44] 
.510 

Employment status (ref: 

Full-time employed) 
                  

Self-employed             0.60 1.20 .11 0.22 
[−1.77,  

2.97] 
.616 

Part-time employed             0.24 1.04 .04 0.19 
[−1.81,  

2.29] 
.820 

Unemployed             0.94 1.09 .17 0.20 
[−1.20,  

3.08] 
.389 

Full-time student             −0.57 1.10 −.10 0.20 
[−2.73,  

1.59] 
.604 

Long term sick or 

disabled 
            1.51 2.44 .27 0.44 

[−3.30,  

6.32] 
.538 

On furlough             0.77 1.63 .14 0.29 
[−2.44,  

3.98] 
.637 

Retired             3.75 3.44 .67 0.62 
[−3.02,  

10.53] 
.277 

Other             −0.94 2.45 −.17 0.44 
[−5.76,  

3.88] 
.702 

Observations 297 297 297 

R2 / R2 adjusted .019 / .006 .059 / .029 .214 / .138 

Note. Results from multiple OLS regression models predicting self-esteem. Model 1 includes only the four types of Instagram use (active direct, active creating, active reacting, and passive). Model 2 adds 

the moderator (percentage of strangers followed) and its interaction terms with each use type. Model 3 further controls for demographic and socioeconomic variables. Comparisons across models indicate 

how adding interaction and control variables changes the magnitude and significance of associations between Instagram behaviours and self-esteem. 

 



 

 

One possible explanation for these limited differences across the factors in predicting self-esteem is that self-

esteem may be relatively stable, potentially weakening small effects from different types of Instagram use. 

Another possibility is that the measurement of Instagram usage, though comprehensive, cannot fully capture 

micro-level differences in how people engage with the platform (e.g., the tone of direct interactions, the 

emotional salience of shared content). This is further underscored by the fact that active creating and self-

esteem levels were not significantly associated, which confirms R. Wang et al.’s (2017) findings on posting selfies 

and group pictures not being related to self-esteem. The mixed findings on active use and self-esteem confirm 

the need to distinguish between different kinds of active Instagram use, as these are distinct concepts that show 

different associations with common predictors of SNS use. No significant associations were found between 

passive use and self-esteem levels. These findings on passive use and self-esteem diverge from previous 

Facebook-focused studies (Ozimek & Bierhoff, 2020), indicating that image-based platforms may elicit different 

behavioural patterns and psychological outcomes compared to text-based social networks. 

General Discussion 

As more attention is directed towards how people are spending their time on SNSs and the potential outcomes 

of these behaviours, it is important to consider the nuances and specifics of each SNS. As image-based platforms 

such as Instagram become more popular, new measures are needed to allow for an accurate investigation of the 

correlates and outcomes of SNS use. The aim of the current study was to develop and validate a multi-item scale 

to measure passive and active Instagram use, similar to the PAUM for Facebook (Gerson et al., 2017), which 

formed the basis for developing relevant scale items to reflect Instagram use. The EFA in Study 1 explored the 

latent factors of the iPAUM, resulting in a measure consisting of 18 items, which load onto four factors. These 

factors are active reacting, active direct social, active creating, and passive Instagram use. The CFA in Study 2 

confirmed the structure of the iPAUM. The factors of the iPAUM all showed good internal reliability and the 

iPAUM demonstrated good discriminant validity against other measures. 

Following mixed results on the associations between self-esteem and different types of SNS use in previous 

studies (Saiphoo et al., 2020), it is important to explore associations between Instagram use and self-esteem 

levels in a more nuanced way. To do so, a multiple regression analysis was conducted with the factors of the 

iPAUM as independent variables and self-esteem as the dependent variable. Active reacting, active creating, and 

passive use were not significantly associated with self-esteem, while active direct social use was significantly and 

negatively associated with levels of self-esteem. This association was significantly moderated by the percentage 

of strangers followed, suggesting that the interplay between user behaviours and the composition of their social 

networks can yield distinct outcomes for self-esteem. This highlights the importance of studying contextual 

factors, such as who one interacts with and how, when investigating the psychological implications of SNS 

engagement. 

These results differ from the previous literature on passive and active SNS use, as passive Facebook use has 

been associated with lower levels of self-esteem (Ozimek & Bierhoff, 2020). The current study, however, finds no 

significant relationship between passive Instagram use and self-esteem; perhaps due to the image-based nature 

of the platform which may evoke different feelings than more text-based SNSs. This would correspond with 

Binns’ (2014) claim that people act differently on different SNSs. Taken together, these findings underscore the 

complexity of SNS effects on self-esteem. It appears that not all “active” uses of Instagram operate uniformly, 

and that the relationship between user behaviour and self-esteem may depend on a constellation of 

demographic, social, and psychological factors. Further studies should integrate these dimensions to more 

comprehensively examine how, why, and for whom Instagram use might enhance or undermine self-esteem. 

Contributions and Practical Implications 

To the best of the authors’ knowledge, the iPAUM is one of the first validated scales specifically designed to 

measure active and passive Instagram use. This represents an important contribution, as previous research on 

Instagram has primarily measured engagement by either adapting scales designed for other SNSs (i.e., Ryding et 

al., 2024) or by creating a scale for a specific study which does not undergo full validation (i.e., Hanley et al., 

2019). This is problematic as each SNS has unique features and algorithms which affect what a user sees and 

how they interact with the SNS. It is therefore likely that how users behave or engage varies significantly 

between SNS platforms, and simply adapting a measure designed for a different SNS for use with Instagram (i.e., 



 

 

changing the wording from Facebook to Instagram without updating the scale to capture the differences 

between SNS) will miss important aspects of how users behave which are specific to Instagram. The creation of 

this scale therefore creates opportunities for research to investigate how the unique behaviour patterns specific 

to Instagram relate to other variables of interest in a consistent way. While there are other validated scales for 

Instagram, such as the Instagram Motives Questionnaire (IMQ) and the Instagram Uses and Patterns 

Questionnaire (IUPQ; Romero Saletti et al., 2023), these instruments differ substantially in scope and purpose. 

The IMQ examines the motives of Instagram use, while the IUPQ addresses emotional outcomes in connection 

with specific Instagram use. The iPAUM focuses exclusively on how individuals engage with Instagram features, 

giving researchers important information on how users engage with the site, and making it suitable for use 

alongside other scales to measure, for instance, motivations or psychological effects. 

While the iPAUM’s statistical fit was slightly below the standard fit recommendations for CFAs, the fit of the 

iPAUM factors is very similar to the fit of the factors for the Facebook PAUM scale (Gerson et al., 2017) on which 

this scale is based. The original PAUM scale is widely used to measure Facebook engagement (294 citations at 

the time of writing), and the subscales of the PAUM demonstrate similar reliability to the subscales of the iPAUM. 

As with all good science, future research should seek to replicate these results to reconfirm the validity and 

reliability of the iPAUM scales. However, based on the similarity between the fits of the PAUM and the iPAUM, 

the iPAUM is expected to display similar reliability and validity. 

Limitations 

Despite its contributions, the present study is subject to a number of limitations. First of all, at the time of data 

collection, no other validated scales for Instagram engagement were published; thus, it was not possible to test 

construct validity. Another limitation concerns the representativeness of the sample for the EFA and CFA. 

Participants who completed the survey were compensated for their time; however, the samples for the EFA and 

CFA may be biased due to selection effects as participants chose themselves to participate. The sample 

characteristics suggest that the samples were not representative of the general population. For instance, the 

gender split between the two data samples was not equal. Women have been found to be more active on SNSs 

(Phu & Gow, 2019); thus, having mainly women in the EFA might have affected the factor loadings and 

correlations with reference scales, which possibly could have affected the results for the CFA which only 

demonstrated a decent fit. Furthermore, the participants were primarily well-educated which further can limit 

the generalisability of findings to broader populations. Individual differences such as personality traits, 

motivations for SNS use, and prior mental health status may further shape how Instagram engagement affects 

well-being. Future research should therefore recruit more diverse samples and include measures that capture 

these individual-level differences. 

Lastly, the results highlight distinctions among sub-scales of active and passive Instagram use, thus illustrating 

that Instagram use cannot be measured as a single construct. However, the connection to self-esteem merits 

further investigation. Future studies could examine self-esteem both as a stable trait and as a situational state, 

which may help explain the relatively stable self-esteem levels observed across Instagram behaviours in this 

study. It is possible that the nature of Instagram, being largely image-based, may generate different usage 

patterns, and consequently affect psychological outcomes differently, than text-focused platforms. Given that 

passive SNS use has been linked to lower self-esteem (Verduyn et al., 2017), further investigation is needed to 

clarify whether passive Instagram use carries similar risks or whether differences in content and user 

interactions mitigate such effects. The role of content type, specific platform features, user motivations, and 

individual differences all warrant deeper exploration in future research to fully understand how, and under what 

conditions, various kinds of Instagram engagement influence self-esteem.  

Deviations From Pre-Registration 

Associations between levels of social comparison and the sub-scales of the iPAUM were explored but not 

reported in this paper. No significant associations were found between any of the three active use measures or 

the passive measure and social comparison levels. The two hypotheses presented in this paper were slightly 

different from the preregistration, as the percentage of strangers among own followers (H1 and H2) was not 

investigated. H3 and H4 in the preregistration were omitted from this paper, as they related to social 

comparison. 



 

 

Conclusion 

As other researchers have also suggested, it is important to investigate how users of SNSs engage with these 

sites, given the widespread popularity and frequent use of these platforms. While general use measures, such as 

SNS intensity or frequency, can provide valuable insights, more nuanced measures of SNS use are needed. To 

address this gap, the iPAUM was developed, an 18-item scale capturing four Instagram-specific behaviours 

(Active reacting, Active direct social, Active creating, and Passive use), thereby offering a more granular 

understanding of user engagement on Instagram. In addition to developing and validating the measure, the 

association between the four factors and self-esteem was explored. Active reacting, active creating, and passive 

Instagram use did not display any clear associations with self-esteem, whereas active direct social did, varying on 

the composition of who the users follow. This finding indicates that the percentage of strangers followed is 

potentially an important aspect of Instagram use that warrants further investigation. 

The iPAUM provides a valid and reliable measure of Instagram engagement and can facilitate future research on 

Instagram behaviour. In addition to the development and validation of the iPAUM, this study contributes to the 

growing field of the use of image-based SNSs and its associations with self-esteem. 
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Appendix 

Table A1. The iPAUM. 

How frequently do you perform the following activities when you are on Instagram? (Note: Choosing Very Frequently means 

that about 100% of the time that you log on to Instagram, you perform that activity). 

 
Never 

(0%) 

Rarely 

(25%) 

Sometimes 

(50%) 

Somewhat 

frequently (75%) 

Very frequently 

(100%) 

1. Posting photos to your profile 1 2 3 4 5 

2. Posting videos to your profile 1 2 3 4 5 

3. Posting stories to your profile 1 2 3 4 5 

4. Commenting on other users’ photos 1 2 3 4 5 

5. Commenting on other users’ videos 1 2 3 4 5 

6. Commenting on other users’ stories 1 2 3 4 5 

7. Liking other users’ stories 1 2 3 4 5 

8. Sending direct messages to other users 1 2 3 4 5 

9. Viewing photos (without commenting or liking) 1 2 3 4 5 

10. Viewing videos (without commenting or liking) 1 2 3 4 5 

11. Viewing stories (without commenting or liking) 1 2 3 4 5 

12. Forwarding photos to other users (or tagging 

other users in photos) 
1 2 3 4 5 

13. Forwarding videos to other users (or tagging 

other users in videos) 
1 2 3 4 5 

14. Browsing the newsfeed passively (without 

liking or commenting on posts) 
1 2 3 4 5 

15. Browsing the newsfeed actively (liking or 

commenting on other users’ posts) 
1 2 3 4 5 

16. Browsing the explore page passively (without 

liking or commenting on posts) 
1 2 3 4 5 

17. Browsing the explore page actively (liking or 

commenting on other users’ posts) 
1 2 3 4 5 

18. Looking through a celebrity/influencer’s posts 1 2 3 4 5 

 

Items should be presented to respondents in randomised order. Scoring: Items are summed. 

Active reacting: 4, 5, 6, 7, 15, 17,  

Active direct social: 8, 12, 13 

Active creating: 1, 2, 3 

Passive: 9, 10, 11, 14, 16, 18 
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