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Abstract 45 

 46 

Whilst research suggests online social comparisons may be detrimental to wellbeing, little is 47 

known about the underlying temporal dynamics. Here we used Ecological Momentary 48 

Assessment to sample 100 undergraduate students’ experiences five times per day for 21 49 

consecutive days, in conjunction with network analysis, to map dynamic interactions between 50 

(upward) online and offline social comparisons and multiple indicators of wellbeing. 51 

Contemporaneous, temporal, and between-subjects networks were estimated. Whilst online 52 

comparisons predicted lower self-esteem in the contemporaneous network, online 53 

comparisons predicted subsequent increases in positive, and decreases in negative, affect. In 54 

contrast, associations between offline social comparisons and poorer wellbeing were seen in 55 

all networks, and for multiple indices of wellbeing. Consistent with a two-step model of 56 

social comparisons, the findings suggest the effects of online comparisons may operate 57 

differently at different times-scales, and further, that offline comparisons may be more 58 

strongly related to poor wellbeing, with a potential causal association.  59 

 60 

Key words: social media, social network sites, wellbeing, self-esteem, loneliness, affect. 61 
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 63 

1. Introduction 64 

 Interest in the impact of social media (SM)1 on mental health and wellbeing continues 65 

to grow. This is particularly the case with respect to adolescents and emerging adults, who 66 

engage most heavily with the technology (GlobalWebIndex, 2023). Interestingly however, in 67 

a recent worldwide survey, Generation Z (currently 16-26 years of age) were the only 68 

generation whose level of use fell between 2021 and 2023, which was reflected in their self-69 

reported concern for, and active attempt to manage, their use (GlobalWebIndex, 2023). 70 

Against this backdrop, some have tried to link increases in mental health difficulties within 71 

this age group (McElroy et al., 2022) to the increasing uptake of SM and related screen-based 72 

technologies (Kim, 2017).  73 

In parallel, there is growing interest in the mental health and SM habits of university 74 

students (Storrie et al., 2010). For example, one cohort study undertaken in the UK found that 75 

psychological distress increased upon entry into university (Bewick et al., 2010), and there is 76 

evidence to suggest that mental health difficulties in this population is increasing (Sivertsen 77 

et al., 2019). Similar patterns are seen in other countries also, including China (Lei et al., 78 

2016), the focus of this study. Once again, links have been made to SM use, with some 79 

arguing that university students may be particularly prone to developing problematic patterns 80 

of use because of their flexible schedules, high level of free time, and low level of external, 81 

i.e. parental or organizational, control (Turel & Qahri-Saremi, 2016). However, greater levels 82 

of free time are unlikely to apply to all students, e.g., students from lower socioeconomic 83 

backgrounds who may need to work part-time alongside their studies, or those with carer 84 

responsibilities. The research, however, suggests that the links between SM use and mental 85 

 
1 SM = social media; EMA = Ecological Momentary Assessment; RSES = Rosenberg Self-esteem Scale; SCS = 

social connectedness scale. 
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health and wellbeing are complex. Whilst potential benefits and risks of use are well 86 

documented (Tibber & Silver, 2022), systematic reviews and meta-analyses highlight small 87 

but relatively consistent negative effects of unknown direction of causality (Valkenburg et al., 88 

2022). In parallel, within the research there has been a move away from dose-response 89 

models of SM use (i.e. associations between mental health and levels of use) towards a more 90 

nuanced perspective that considers the nature of engagement, and attempts to identify 91 

mediating and moderating factors that drive positive and negative associations with mental 92 

health (Nesi et al., 2020; Ngai et al., 2015).  93 

One area of interest is the role of social comparisons. Social comparisons are a 94 

fundamental process by which humans attempt to gauge their relative self-worth (ability 95 

comparison), and/or how they should think, feel and act (opinion comparison) (Festinger, 96 

1954). The literature typically distinguishes between upward social comparisons, in which 97 

the comparison target is deemed superior to oneself (in some domain), and downward 98 

comparisons, in which the target is deemed inferior (Pomery, Gibbons, & Stock, 2012). A 99 

common distinction is also often made between identification, in which there is a shift 100 

(intended and/or actual) toward the comparator in some domain, and contrast, in which there 101 

is a shift away from the comparator in some domain  (Buunk & Dijkstra, 2017). As a general 102 

rule, when there is identification with a target, self-image and mood are increased by upward 103 

comparisons, and decreased by downward comparisons. When there is contrast with a target, 104 

self-image and affect are generally decreased by upward comparisons, and increased by 105 

downward comparisons. As an illustrative example of upward identification, an individual 106 

might compare themselves to someone from a similar background who is highly financially 107 

successful; as a result, they may be instilled with a sense of hope that one day they may be 108 

able to attain a similar level of success if they work hard, with a consequent (positive) impact 109 

on mood and sense of self-worth. Conversely, as an example of upward contrast, that same 110 
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individual might compare themselves to another person who is also financially very 111 

successful, but from a very different (e.g., cultural and socioeconomic) background, and 112 

conclude that such success is unattainable for them, with (negative) consequences for their 113 

mood and sense of self-worth.  114 

With the advent of digital technology, a further distinction is now drawn between 115 

online and offline social comparisons, with the former used to differentiate traditional (face-116 

to-face) comparative processes to those mediated by digital communication (Verduyn et al., 117 

2020).  118 

Research into online social comparisons has predominantly explored and highlighted 119 

associations between higher upward social comparisons and poorer wellbeing / mental health 120 

(i.e. upward contrast) (Verduyn et al., 2020). Thus, online upward social comparisons have 121 

been linked to a range of (putative) negative emotions and experiences, including (malicious) 122 

envy (de Ven & Zeelenberg, 2020), a fear of missing out (Servidio et al., 2021), a sense of 123 

disconnection (Clark et al., 2018), low self-esteem (Tibber et al., 2020), anxiety and 124 

depression (McCarthy & Morina, 2020; Tibber et al., 2024). Whilst much of this research is 125 

cross-sectional, limited experimental evidence supports these findings in implicating negative 126 

effects of online upward social comparisons (Appel et al., 2015; Vogel et al., 2014a, 2015a). 127 

However, it is important to note that online social comparisons have not been 128 

exclusively linked to negative outcomes; thus, a number of studies have found positive 129 

associations between upward social comparisons and wellbeing / mental health, presumably 130 

reflecting upward identification, e.g., Ruggieri, Ingoglia, Bonfanti, & Lo Coco (2021), as 131 

well as the absence of an impact of downward comparisons on wellbeing, e.g., Feltman & 132 

Szymanski (2018). Thus, it is likely that the full range of upward/downward comparisons and 133 

resulting identification/contrast effects occur in the online context, though upward contrast 134 

may predominate (Verduyn et al., 2020). 135 
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One promising new approach that potentially addresses some of the limitations of 136 

such cross-sectional research is network analysis of Ecological Momentary Assessment 137 

(EMA) data, which facilitates exploration of moment-by-moment fluctuations in SM use and 138 

mental health. EMA (or experience sampling as it is sometimes called) is a data collection 139 

method, which allows multi-time-point data harvesting as participants behave in their natural 140 

environment, typically by sending participants multiple links to brief surveys throughout the 141 

day, usually over a period of several weeks. When coupled with network analysis, a powerful 142 

statistical method that allows visualization of these data in the form of a series of networks, 143 

such an approach facilitates exploration of complex dynamic processes operating at multiple 144 

scales, as well as the directionality of identified paths between variables of interest. 145 

In such analyses contemporaneous networks capture correlations between variables 146 

(designated edges and nodes respectively within network analysis) within the same 147 

timeframe, which are thought to reflect fast-acting processes (Epskamp, Waldorp, et al., 148 

2018). Temporal networks, in contrast, capture temporal correlations between variables 149 

operating across a defined time-lag, most commonly set to 1, i.e. associations between time-150 

points t and t-1. Finally, between-subjects networks capture associations between mean 151 

values of included variables. Whilst contemporaneous and between-subjects effects are non-152 

directional and hence cannot speak to underlying directions of causality, edges in temporal 153 

networks are directional, and hence address essential criteria of an empirical association and 154 

temporal order.  155 

Whilst several studies have used this approach to examine SM / MH links more 156 

generally [see (Aalbers, McNally, Heeren, de Wit, & Fried, 2019) for example], to our 157 

knowledge, only one study has used this approach to study associations between online social 158 

comparisons and mental health in longitudinal data. [See (Faelens et al., 2019) for a cross-159 

sectional network analysis of EMA social comparison data, however]. In their longitudinal 160 
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study, Faelens et al. (2021) explored moment-by-moment fluctuations in a range of variables 161 

including social comparisons, self-esteem, feelings of insecurity and repetitive negative 162 

thinking over the course of 14 consecutive days. Whilst links between higher online 163 

comparisons and indices of insecurity were evident in the contemporaneous network, counter 164 

to their predictions, insecurity emerged as a driver of social comparisons (rather than a 165 

consequence thereof) in the temporal network.  166 

Despite its many strengths, Faelens et al., (2021) had a number of limitations, 167 

including the use of an unsigned social comparison item (i.e. they did not specifically look at 168 

upward social comparisons) and the inclusion of negative affect only, which may have 169 

primed participants to the negative effects of SM engagement, and did not allow for parallel 170 

positive effects to be explored, despite these (as noted above) existing with the literature. 171 

Further, the authors did not include any item/s relating to offline social comparisons. We 172 

think this is crucial, since online and offline social comparisons tend to be highly correlated, 173 

such that any documented associations may simply be due to online social comparisons 174 

acting as a proxy for offline comparisons.  175 

Taken together, existing research suggests that (on balance) online social comparisons 176 

are associated with poorer mental health and wellbeing, as operationalized using a range of 177 

constructs including self-esteem, affect, anxiety and depression. However, there are a number 178 

of gaps in our understanding, including: (i) the relationship between (and relative impact of) 179 

online and offline social comparisons, (ii) potential differences in within- and between-180 

subjects effects, and (iii) potential positive and negative effects on wellbeing, as well as a 181 

need for replication.  182 

In an attempt to address these limitations, the overarching aim of this study was to 183 

explore the dynamic relationship between SM use, online social comparisons and wellbeing, 184 

with the latter conceptualized as self-esteem, mood/affect and loneliness. In addition, 185 
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however, we explored the role of equivalent offline processes in parallel, namely, the 186 

dynamic interplay between these constructs and time spent in the physical (rather than 187 

virtual) presence of others, as well as offline social comparisons.  188 

EMA and network analyses were employed for a number of reasons; first, because it 189 

enabled a more direct comparison with findings of Faelens et al., (2021), i.e. because it 190 

facilitated calculation and visualization of contemporaneous, temporal and between-subjects 191 

networks, as well as exploration of directionality and effects operating at multiple timescales. 192 

Second, the use of EMA / network analyses allowed us to include an exploratory 193 

aspect to the study. Thus, whilst a number of specific hypotheses were identified (see below), 194 

in view of the relative lack of prospective studies in the field, inconsistencies in the literature, 195 

and our expectation of complex inter-relationships between multiple variables of interest, we 196 

were reluctant to specify too many overly focused hypotheses a priori, or overly constrain 197 

models. Thus, whilst there is a wealth of literature on associations between many of our 198 

variables of interest, e.g., the relationship between self-esteem and loneliness [see Vanhalst et 199 

al., (2013) for example] or the relationship between self-esteem and mood [see (Gomez-Baya 200 

et al., 2018) for example], little is known about how these particular variables interact 201 

dynamically with one another en masse, much less in relation to online and offline processes. 202 

Finally, and relatedly, whilst alternative methods of analysing longitudinal, 203 

multivariate data exist, e.g., cross-lagged panel modelling and multi-levelling modelling, 204 

these require explicit specification of potential interactions of interest (a priori). In contrast, 205 

network analysis allows an exploratory analysis (and visualization) of complex dynamic 206 

interactions between multiple variables of interest, which some have argued more accurately 207 

reflect the nature of psychological and psychopathological processes (Cramer et al., 2010; 208 

Woerkom et al., 2022). 209 

 210 
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The following hypotheses were put forward: 211 

 212 

(H1) Time spent on SM would be associated with poorer wellbeing (i.e. lower self-esteem, 213 

higher negative affect, lower positive affect and higher loneliness) across all three networks. 214 

  Whilst documented effect sizes are small, systematic reviews and meta-analyses of 215 

the literature tend to highlight a small but significant association between higher levels of SM 216 

use and poorer wellbeing / mental health (Valkenburg et al., 2022), including poorer self-217 

esteem (Saiphoo et al., 2020), higher symptoms of depression (Cunningham et al., 2021), and 218 

higher levels of loneliness (O’Day & Heimberg, 2021). Further, at least one study has shown 219 

that this effect (with respect to self-esteem at least) persists even after controlling for online 220 

social comparisons, such that the association cannot be attributable solely to the latter (Tibber 221 

et al., 2020). Consequently, we predicted that time spent using SM would be associated with 222 

poorer wellbeing, including self-esteem, affect, and loneliness, aside from any association 223 

seen between online social comparisons and wellbeing. Given the relative dearth of research 224 

exploring causality, however, and inconsistencies in the findings where such studies have 225 

been undertaken (Valkenburg et al., 2022), we made no assumptions about underlying 226 

directions of causality or time-course of action (i.e. which network/s would show the effect). 227 

 228 

(H2) Online upward social comparisons would be associated with poorer wellbeing (as 229 

defined above) across all three networks. 230 

As described above, there is an extensive literature, which suggests that online 231 

upward social comparisons are linked to poorer wellbeing including greater negative affect 232 

[e.g., (Vogel et al., 2015)], loneliness [e.g., (Tibber et al., 2024)] and self-esteem [e.g., Vogel 233 

et al. (2014)]. Further, whilst most research has adopted cross-sectional, correlational 234 

methods, similar findings have been reported using a range of methodologies and designs, 235 
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which have explored effects across a range of time-frames, including longitudinal (Schmuck 236 

et al., 2019), experimental (Appel et al., 2015; Vogel et al., 2014, 2015), and prospective 237 

(EMA) studies (Faelens et al., 2021). In addition, there is evidence to suggest that, with 238 

respect to self-esteem at least, associations with online upward social comparisons may be 239 

causal (Vogel et al., 2014), and possibly reciprocal (Schmuck et al., 2019b). Consequently, 240 

we predicted that the association between online upward social comparisons and poorer 241 

wellbeing would be evident in all three networks (contemporary, temporal and between-242 

subjects). 243 

 244 

(H3) Time spent in the physical presence of others would be associated with better wellbeing 245 

(as defined above) across all three networks.  246 

 There is a large body of evidence suggesting that social connections and social capital 247 

are central to wellbeing and mental health, and further, that loneliness and social 248 

disconnection are pathogenic (Harris & Orth, 2020). Whilst not all social interactions are 249 

positive, we proposed that on the weight of this evidence, higher levels of time spent in the 250 

presence of others would be associated with better wellbeing. Given that such findings have 251 

been documented using a range of methodologies and approaches, which have explored 252 

effects across a range of time-frames, we predicted that the effect would be seen across all 253 

three networks. Further, we predicted that the direction of causality would run from time 254 

spent with others to positive wellbeing. 255 

 256 

(H4) Offline upward social comparisons will be associated with poorer wellbeing (as defined 257 

above) across all three networks. 258 

 There exists a long and rich history of research into the role of social comparisons in 259 

mental health and wellbeing, which far predates the development of the internet and SM 260 
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(Buunk & Gibbons, 2007), including with respect to self-esteem and mood (Collins, 1996), 261 

and to a lesser extent loneliness (Perlman & Peplau, 1982). Whilst this literature is complex 262 

and nuanced, with potential benefits as well as harms of social comparisons having been 263 

described (McCarthy & Morina, 2020; Sirgy, 2021), we predicted that upward (offline) social 264 

comparisons would be linked to poorer wellbeing. Thus, there are theoretical and empirical 265 

reasons to suspect that upward social comparisons may be particularly unhelpful when they 266 

are undertaken automatically (i.e. without specific intent), as one might expect to occur if 267 

such processes are sampled randomly and repeatedly throughout the day (Bocage-Barthélémy 268 

et al., 2018; Tibber & Silver, 2022). Further, findings from a recent meta-analysis suggest 269 

that in the offline context, upward social comparisons predominate, and drive negative self-270 

evaluation, envy and a worsening of mood (Gerber et al., 2018). We predicted that such an 271 

effect would be evident across all three networks explored.  272 

 273 

 Finally, with respect to our different measures of wellbeing (loneliness, low self-274 

esteem and affect), given the relative novelty of network analysis and its application to 275 

SM/wellbeing links, we made no prediction as to the sequence of expected effects, e.g., 276 

whether changes in levels of self-reported loneliness would have knock-on effects on affect 277 

and self-esteem, or vice versa. Further, whilst related predictions may be possible on the basis 278 

of the existing literature (e.g., loneliness will drive decreases in self-esteem), such effects do 279 

not constitute the primary focus of the study, i.e. exploring the links between online and 280 

offline comparative processes and wellbeing. 281 

 282 

2. Materials and Methods 283 

The study employed a prospective mobile-phone based EMA design.  284 
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 285 

2.1. Data Collection and participants. Ethical approval was given by the Ethics committee of 286 

College of Media and International Culture at Zhejiang University (Project ID: 287 

cmic20221102) and the work carried out in accordance with The Code of Ethics of the World 288 

Medical Association (Declaration of Helsinki) for experiments involving humans. There was 289 

minimal risk to participation and the survey was anonymous, with a low chance of 290 

participants being identified on the basis of responses given. Informed consent was obtained 291 

through an online consent form, which included information about study design, financial 292 

compensation for participation, data storage and sharing. Participants were also informed that 293 

their participation was completely voluntary, and that they could withdraw at any time during 294 

the study and request that their data be deleted.  Data were collected between March and 295 

April of 2023. A recruitment advisement was posted on commonly used SM platforms used 296 

by the students of Zhejiang University (i.e., Duoduo Campus Circle and CC 98), with 297 

participants only recruited from within the University. There were no exclusion criteria for 298 

participation, e.g., with respect to age or student status; however, individuals who expressed 299 

their interest in participation were selected purposely in order to recruit a roughly equal 300 

number of male and female participants. 301 

Participants were surveyed five times per day at the following times: 10am, 12:30pm, 302 

4pm, 6pm and 10pm, with these times selected on the basis that they fall outside of university 303 

classes, and data collected for a total of 21 consecutive days. Participants were asked to 304 

download an application within WeChat, which gave access to the online survey and 305 

indicated participant progress through the study, including number of surveys completed and 306 

missed, as well as the cumulative money accrued. Thus, to encourage participation 307 

participants were paid ¥2 for each survey they completed (equivalent to approximately 24 308 

pence at the time of data collection). A random half of the participants also received an 309 
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additional ¥5 bonus if they completed all five surveys in a day. This manipulation was 310 

included as part of a separate study exploring the effects of incentivisation on survey 311 

response rates. 312 

With respect to our sample size, we did not undertake a power calculation, but drew 313 

heavily on the methodology of Faelens et al. (2021), which reported highly significant and 314 

seemingly robust effects with a sample size of 98. We therefore aimed to recruit 315 

approximately 100 participants to the study. 316 

 317 

2.2. Questionnaire items 318 

The survey included 34 items in total, exploring associations between wellbeing and a 319 

range of daily activities including social media, gaming, studying, exercise and time spent 320 

outdoors. Our focus, however, was on SM and social comparisons (as well as parallel offline 321 

processes), so that we used a subset of these items (n=15) detailed in Table 1.  322 

With respect to the source of included items, SM time and face-to-face time were measured 323 

using two, custom-written single-item questions, similar to those used previously in EMA 324 

studies including Beyens, Pouwels, van Driel, Keijsers, & Valkenburg (2020). Online and 325 

offline (upward) social comparisons were also measured using single-item questions, adapted 326 

from Faelens et al. (2021). Low self-esteem was measured using two items, the first taken 327 

from Faelens et al. (2021) (“felt insecure”), and a second added from the Rosenberg Self-328 

esteem Scale (RSES) (Rosenberg, 1965) (“felt positive towards myself”), in order to ensure a 329 

balance of positively and negatively worded items. Loneliness was similarly measured using 330 

two items, with one item asking about whether the participant “felt lonely” directly, as has 331 

been used previously [e.g., Compernolle et al. (2021)] and one item taken from the social 332 

connectedness scale (SCS) (“felt close to people”) (Lee et al., 2001). Finally, affect was 333 

measured using seven items, three positive affect items translated from Faelens et al. (2021) 334 
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and four negative affect items translated from Hoorelbeke, Van den Bergh, Wichers, & 335 

Koster (2019). 336 

Prior to launching the study a pilot study was run with six participants, using a 337 

translated version of the survey. Following feedback minor adjustments to item wording were 338 

made to increase intelligibility and relevance to the target population (see Supplementary 339 

Table 1).  340 

  341 

342 
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Table 1. Items included in the analyses are included along with corresponding response options, and the source 343 
reference/s from which survey items were translated and adapted for use with our target sample. R=items that 344 
were reverse coded upon scoring.  345 
 346 

 347 

 348 

  349 

Variable Items Source / adapted from Response options 

Social media time (i) Over the past hour, how many minutes 

have you spent on social media platforms? 

Beyens et al. (2020) Numeric entry 

Face-to-face time (i) Over the past hour, how many minutes 

have you spent in the physical presence of 

others, i.e. at least one other person 
regardless of whether you interacted with 

them? 

Beyens et al. (2020) Numeric entry 

Online 
 upward SCs 

(i) In the past hour, I have compared myself 
to others I encountered online who are 

better off than me. 

Faelens et al. (2021) 0 (Not at all) - 10 (very much) 

Offline  

upward SCs 

(i) In the past hour, I have compared myself 

to others I encountered offline who are 

better off than me. 

Faelens et al. (2021) 0 (Not at all) - 10 (very much) 

Low self-esteem (i) In the past hour, I have felt insecure. Faelens et al. (2021) 0 (Not at all) - 10 (very much) 

 (ii) In the past hour, I have felt positive 

toward myself (R). 

Rosenberg (1965) 0 (strongly disagree) - 10 

(strongly agree) 

Loneliness (i) In the past hour, I have felt close to 
people (R). 

Lee et al. (2001) 0 (Not at all) - 10 (very much) 

 
(ii) In the past hour, I have felt lonely. 

E.g., Compernolle et al. 

(2021) 

0 (Not at all) - 10 (very much) 

Affect Please try and rate the separate emotions 

separately, so that for example a score of 

zero on happiness means that you are not 
feeling happy, but does not necessarily 

mean that you are feeling sad. In the past 

hour, I have felt… 

  

Positive affect (i) Happy. Hoorelbeke et al. (2019). 0 (Not at all) - 10 (very much) 

 (ii) Satisfied.   0 (Not at all) - 10 (very much) 

 (iii) Energetic.  0 (Not at all) - 10 (very much) 

Negative affect (i) Angry. Faelens et al. (2021) 0 (Not at all) - 10 (very much) 

 (ii) Tense.   0 (Not at all) - 10 (very much) 

 (iii) Sad.  0 (Not at all) - 10 (very much) 

 (iv) Anxious.  0 (Not at all) - 10 (very much) 
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2.3. Network analysi 350 

All analyses were undertaken in R (Version 4.3.1). Participants with fewer than 50 completed 351 

responses were discarded from the analyses. Non-consecutive surveys / time-points (beeps as 352 

they are often called in EMA) were treated as missing; relatedly, the last beep of day X and 353 

first beep of day X+1 were not treated as consecutive. Missing data were dealt with using 354 

listwise deletion, i.e. all data for a given time-point / participant were excluded if any single 355 

variable within that time-point was missing. Since network analysis assumes stationarity all 356 

variables were de-trended in relation to day of study. Temporal and contemporaneous 357 

networks were generated using the mlVAR package (Version 0.5.1). The networks were 358 

generated by a two-stage multilevel vector autoregressive (VAR) approach (Epskamp, 359 

Waldorp, et al., 2018).  360 

In the first stage, each variable at time-point t is regressed onto scores of all other 361 

variables at time t-1 (i.e. performance at the preceding time-point), including itself, such that 362 

an autocorrelation term is included. This generates a temporal network model, with directed 363 

edges (i.e. coefficients capturing directions of associations) between nodes (variables), 364 

describing the strength of associations between nodes across time (e.g., ‘do higher social 365 

comparisons predict subsequent lower self-esteem?’). In the second stage, residuals from 366 

stage 1 are regressed onto residuals of all variables at the same time-point. This generates a 367 

contemporaneous network model with undirected edges, which captures patterns of co-368 

occurring activity, whilst accounting for variance in scores at t-1 (Epskamp, Borsboom, et al., 369 

2018), (e.g., ‘is self-esteem higher when social comparisons are higher?’). 370 

Finally, for each person, the corresponding VAR model has an intercept associated 371 

with each variable, which represents the mean score of that variable across time. Thus, a final 372 

set of between-subjects partial correlations were undertaken to explore (undirected) 373 

associations between these mean variable values. This generates a between-subjects network 374 
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model, whilst controlling for all other variables in the network (e.g., ‘do people who report 375 

higher social comparisons typically report lower self-esteem?’). The networks were then 376 

plotted using the qgraph package (Version 1.9.5).  377 

Finally, for each network the centrality of each node was estimated using the 378 

centrality function. Although operationalized in different ways, within a network a more 379 

central node will have stronger and more numerous connections to other nodes, can receive 380 

and transfer information to others more quickly, and lays on major connection pathways 381 

(Opsahl et al., 2010). The centrality function, generates three indices of node centrality: 382 

degree, closeness, and betweenness, which (approximately) map onto the three descriptions 383 

described in the preceding sentence (respectively), and were included here.  384 

 385 

 386 

  387 

  388 
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3. Results 389 

Data were collected on 100 participants. As noted, participants with fewer than 50 390 

completed responses were discarded, resulting in a final sample, which formed the basis of 391 

the analyses, of 89 participants (analytic sample). Data were collected from a total of 7749 392 

surveys across the 89 participants included in the analyses, with a possible maximum of 393 

9,345 (89 participants receiving 5 beeps per day over the course of 21 days). The mean 394 

number of surveys collected per person was 87.07 (IQR=76-99), with a maximum of 105 (5 395 

beeps per day over the course of 21 days). This means that, on average, participants 396 

completed just over four out of five surveys they were sent each day. See Table 2 for 397 

demographics and Table 3 for mean values for key variables. 398 

To test for differences in key variables between participants who were excluded from 399 

the analysis (excluded sample; n=11) and those that were retained (retained sample; n=89), a 400 

series of independent samples t-tests and chi-squared tests were run on key demographic 401 

variables and variables included in the analyses. These indicated no significant differences 402 

with respect to the age (t(13.14)=-0.04, p=0.97) or male-to-female ratio (χ2(1)=0, p=1) of 403 

participants, nor with respect to their mother’s highest level of education (χ2(4)=7.49, p=0.11). 404 

There was, however, a difference in their father’s highest level of education (χ2(4)=10.08, 405 

p=0.04). This reflected over-representation of those with father’s who were relatively less 406 

educated in the excluded sample; note, however, that this effect would disappear with even 407 

the most lenient of bon ferroni correction methods, e.g., correction for two multiple 408 

comparisons, indicating a likely type 1 error.  409 

With respect to variables included in the network analyses, for the samples that were 410 

available for each group, the mean self-reported time spent on SM (in the last hour) did not 411 

differ between the analytic and excluded samples (t(12.47)=0.14, p=0.89), nor did the self-412 

reported time spent face-to-face (in the last hour) (t(13.56)=-0.9, p=0.39). Finally, the groups 413 
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did not differ with respect to self-reported levels of upward comparisons undertaken online 414 

(t(11.44)=0.35, p=0.73) or offline (t(12.51)=-0.41, p=0.69) over the last hour, nor with respect to 415 

mean positive affect (t(12.63)=0.58, p=0.57), negative affect (t(13.63)=-0.42, p=0.68), low self-416 

esteem (t(14.67)=0.77, p=0.45) or loneliness (t(17.3)=-0.2, p=0.85) scores, as self-reported over 417 

the last hour.  418 

Taken together, these findings suggest that with respect to the variables included, 419 

there is no evidence for selective attrition. 420 

 421 

 422 

 423 

 424 

 425 

  426 
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Table 2. Participant details. Demographic and socioeconomic variables are presented for the total sample 427 
(n=100) and analytic sample (n=89).  428 

 429 

 430 

 431 

 432 

 433 

 434 

 435 

 436 

 437 

 438 
 439 

 440 

 441 

 442 

443 

Variable Level Frequency (%)  

or Mean (STD) 
N=89 

 

Frequency (%) 

or Mean (STD) 
N=100 

 

Age - 22.39 (2.55) 22.39 (2.52) 

Gender Male  42 (47.19) 47 (47) 

 Female 47 (52.81) 53 (53) 

Mother’s Education Junior middle school or lower 30 (33.71) 38 (38) 

 Vocational or ordinary high school /  
technical or technical secondary school 

26 (29.21) 27 (27) 

 College 14 (15.73) 14 (14) 

 Undergraduate 16 (17.98) 18 (18) 

 Graduate and above 3 (3.37) 3 (3) 

Father’s Education Junior middle school or lower 26 (29.21) 32 (2) 

 Vocational or ordinary high school /  

technical or technical secondary school 

24 (26.97) 28 (28) 

 College 15 (16.85) 15 (15) 

 Undergraduate 23 (25.84) 23 (23) 

 Graduate and above 1 (1.12) 2 (2) 
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Table 3. Mean values for key variables. Mean, standard deviation (SD), minima (min) and maxima (max) are 444 
shown for key variables included in the analyses. These represent summary statistics of values derived for each 445 
individual, averaged across time-points and days. For time spent on social media time (Online) and face-to-face 446 
(Offline), units are expressed in minutes; e.g., on average, individuals reported using social media 6.53 mins 447 
(SD=4.58) in the hour preceding each survey. Other items are expressed in arbitrary units reflecting Likert scale 448 
item ratings (see Table 1). *Values defined in minutes; elsewhere scores represent raw or summary Likert scale 449 
scores. 450 

 451 

 452 

 453 

 454 

 455 

 456 

 457 

 458 

 459 

3.1. Contemporaneous network 460 

With respect to the contemporaneous network (Figure 1A and Supplementary Table 2), 461 

considering general time spent online/offline first, the only variable connected to time spent 462 

on SM was social comparisons, with a positive association linking higher levels of SM use to 463 

higher levels of online comparisons [Partial Correlation Coefficient (PCC)=0.07; SD=0.06; 464 

p<0.001]. Time spent face-to-face with others showed a (positive) connection to offline social 465 

comparisons (PCC=0.08; SD=0.02; p<0.001), but in addition, a negative connection to online 466 

social comparisons (PCC=-0.04; SD=0.03; p=0.01) and loneliness (PCC=-0.18; SD=0.06; 467 

p<0.001), with the association with offline social comparisons seemingly stronger than the 468 

association with online social comparisons. 469 

Next, considering social comparisons as a particular online/offline behaviour more 470 

specifically, online and offline comparisons were positively correlated with one another 471 

(PCC=0.19; SD=0.19; p<0.001). In addition, online social comparisons was (positively) 472 

connected with low self-esteem (PCC=0.12; SD=0.1; p<0.001) and levels of SM use 473 

(PCC=0.07; SD=0.06; p<0.001). It was also associated with reduced face-to-face time, 474 

Domain Variable Mean 

(SD) 

Min-Max 

 

Online Social media time 6.53 (4.58)* 0-20.56 

 Online 
comparisons 

1.24 (1.55) 0-7.22 

Offline Face-to-face time 32.93 (15.84)* 0.77-57.86 

 Offline 

comparisons 

1.61 (1.81) 0-7.01 

Wellbeing Positive affect 12.87 (5.92) 0.78-25.42 

 Negative Affect 5.93 (5.26) 0.03-25.06 

 Low Self Esteem 6.69 (2.17) 3.01-14.73 

 Loneliness 7.6 (2.35) 2.58-14.9 
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although the effect appeared to be relatively weak (PCC=-0.04; SD=0.03; p=0.01). With 475 

respect to offline social comparisons, this was connected (positively) to both positive 476 

(PCC=0.05; SD=0.04; p<0.01) and negative affect (PCC=0.13; SD=0.09; p<0.001), though 477 

the latter more strongly, as well as low self-esteem (PCC=0.09; SD=0.13; p<0.001). Also, 478 

whilst online social comparisons were (weakly) associated with less face-to-face time 479 

(PCC=-0.04; SD=0.03; p=0.01), offline social comparisons were associated with more face-480 

to-face time (PCC=0.08; SD=0.02; p<0.001).  481 

Other (psychological) variables showed patterns of connections that made intuitive 482 

sense: for example, low self-esteem was positively connected with loneliness (PCC=0.14; 483 

SD=0.1; p<0.001) and negative affect (PCC=0.08; SD=0.02; p<0.001), and negatively 484 

connected with positive affect (PCC=-0.31; SD=0.09; p<0.001), the latter most strongly. Low 485 

self-esteem was also (as noted) connected to both online (PCC=0.12; SD=0.1; p<0.001) and 486 

offline social comparisons (PCC=0.09; SD=0.13; p<0.001), the latter more strongly, and was 487 

the most central node in the temporal network, with the highest indices of node centrality of 488 

any variable included (see Supplementary Table A.5). 489 

 490 

 491 
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 492 

Figure 1. Plotted networks. (A) Contemporaneous, (B) temporal, and (C) between-subject 493 

networks are shown. Blue lines / edges represent positive associations between variables 494 

(nodes), and red edges represent negative associations, where the thickness of the line 495 

indicates strength of association. Only significant edges are shown. SM=time spent on social 496 

media; F2F=time spent face-to-face; POS=positive affect; NEG=negative affect; 497 

Con=(upward) comparisons in the online environment; Coff=(upward) comparisons 498 

undertaken in the offline environment; LSE=low self-esteem; LN=loneliness. 499 

 500 
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3.2. Temporal network  501 

With respect to the temporal network (Figure 1B and Supplementary Table 3), all included 502 

variables were auto-correlated, e.g., social media use at time-point t, was predicted by use at 503 

t-1.  504 

Considering general time spent online/offline first, level of SM use did not predict 505 

future affect (positive or negative), nor any of the other psychological measures. In fact, the 506 

only significant edge linked to SM use indicated that offline social comparisons predicted 507 

greater future SM use (Edge Weight (EW)=0.04; SE=0.02; p=0.02). Time spent face-to-face 508 

with others also did not predict any future variables (psychological or otherwise). However, 509 

both loneliness (EW=-0.04; SE=0.02; p=0.01) and offline social comparisons (EW=-0.04; 510 

SE=0.02; p<0.05) (negatively) predicted future face-to-face time, suggesting that individuals 511 

who were more lonely or compared themselves more to others offline at time t-1 were less 512 

likely to engage in face-to-face contact at time t. 513 

 With respect to social comparisons, there was a bidirectional link between online and 514 

offline comparisons (EW=0.05; SE=0.02; p=0.001; EW=0.06; SE=0.02; p=0.001). Focusing 515 

on the online context, however, counter to our expectations, online social comparisons were 516 

associated with less (future) negative affect (EW=-0.03; SE=0.01; p=0.04), and more future 517 

positive affect (EW=0.04; SE=0.02; p=0.02), with similar effect sizes / edge weights. Aside 518 

from the aforementioned association with offline comparisons, no other associations were 519 

seen with online social comparisons.  520 

 In the offline context, mirroring the findings from the contemporaneous network, 521 

social comparisons were predicted by both positive (EW=0.04; SE=0.02; p=0.01) and 522 

negative affect (EW=0.1; SE=0.02; p<0.001). Once again, however, the link with negative 523 

affect was the stronger of the two, and further, the connection reciprocal, such that there was 524 

a potential positive feedback loop, with offline social comparisons driving (EW=0.04; 525 
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SE=0.02; p=0.02) -and being driven by (EW=0.1; SE=0.02; p<0.001)- negative affect. [Note: 526 

on the basis of edge weights negative affect drove offline comparisons more strongly than 527 

offline comparisons drove negative affect]. Offline social comparisons also predicted future 528 

lower self-esteem (EW=0.04; SE=0.01; p<0.01), higher loneliness (EW=0.04; SE=0.02; 529 

p=0.02), more time spent using SM (EW=0.04; SE=0.02; p=0.02) and less time spent face-to-530 

face with others (EW=-0.04; SE=0.02; p<0.05). Interestingly, offline social comparisons was 531 

by far the most connected of all included variables / nodes, as indicated by higher scores on 532 

all indices of node centrality (Supplementary Table 6).   533 

 Once again, links between psychological variables made intuitive sense, with (for 534 

example) negative affect predicting increased loneliness (EW=0.03; SE=0.02; p=0.04), and 535 

being predicted by lower self-esteem (EW=0.03; SE=0.02; p=0.04). 536 

 537 

3.3. Between-subjects network 538 

With respect to the between-subjects effects, this network was more sparse (Figure 1C and 539 

Supplementary Table 4). SM use was not significantly connected to any other variable, and 540 

face-to-face time was negatively associated with positive affect (PCC=-0.22; p<0.05) and 541 

loneliness (PCC=-0.36; p=0.001), and positively associated with offline social comparisons 542 

(PCC=0.26; p=0.02).  543 

 Mirroring the lack of association between SM use and other variables, online social 544 

comparisons were not associated with any other variable except offline social comparisons 545 

(PCC=0.78; p<0.001). With respect to offline social comparisons, as per contemporaneous 546 

and temporal networks, this was positively connected to negative affect (PCC=0.35; 547 

p=0.002). Offline social comparisons were also positively connected with face-to-face time 548 

(PCC=0.26; p=0.02). Once again, offline social comparisons was the most highly connected 549 
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node, though loneliness scored equally highly on the ‘betweenness’ index (Supplementary 550 

Table 7).  551 

 Associations between psychological measures followed an intuitive pattern, with (for 552 

example) loneliness associated negatively with positive affect (PCC=-0.56; p<0.001), and 553 

low self-esteem associated positively with negative affect (PCC=0.69; p<0.001). 554 

 555 

 556 

4. Discussion 557 

 With respect to our stated hypotheses, three out of four were either completely or 558 

partially supported. Thus contrary to (H1), time spent on SM was not associated with poorer 559 

wellbeing, across any of the networks, nor with respect to any of the mental health / 560 

wellbeing variables included. In partial support of (H2), an association was seen between 561 

online upward social comparisons and poorer wellbeing; however, this was only seen in the 562 

contemporaneous network for low self-esteem. Further, the temporal network indicated that 563 

online upward social comparisons in fact predicted subsequent increases in positive affect 564 

and decreases in negative affect, i.e. a sign of association that was opposite to that expected.  565 

In partial support of (H3), face-to-face time was associated with lower levels of loneliness in 566 

the contemporaneous and between-subjects networks; however, directions of effects in the 567 

temporal network suggest that (at this time-scale at least) higher levels of loneliness drove 568 

subsequent reductions in face-to-face time rather than the other way round. Finally, in 569 

support of (H4), offline upward social comparisons were associated with poorer wellbeing, 570 

including low self-esteem and negative affect in the contemporaneous and temporal 571 

networks, and negative affect in the between subjects-network. With respect to the temporal 572 

network, directions of associations suggest that offline social comparisons (at this time-scale 573 

at least) drive subsequent low self-esteem, loneliness and negative affect. 574 
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  Digging into these findings a little deeper, if we consider associations between time 575 

spent online / offline first (i.e. on SM and face-to-face, respectively), SM use actually showed 576 

very few connections to other nodes (reflected in indices of node centrality also). In the 577 

between-subjects network, for example, SM use was not connected to any other variable, and 578 

in the contemporaneous and temporal networks it was connected with online and offline 579 

social comparisons only (respectively).  580 

The finding that SM use was not connected to any of the wellbeing variables included 581 

(across any of the networks) is supportive of a growing understanding that SM use is not 582 

detrimental to one’s wellbeing per se, and supports a move away from a causasionist 583 

assumption that underpins dose-response models of the SM-wellbeing link (Nesi et al., 2020). 584 

Instead, it is consistent with a more contextual approach (Nesi et al., 2018a, 2018b), which 585 

emphasises the complex interactions that occur between person-related and technology-586 

related factors, including what content is being engaged with, how the individual is engaging 587 

with it, and why, i.e. for what purpose (Kaye, 2022; Tibber et al., 2022; Tibber & Silver, 588 

2022).  589 

Here we explored one particular type of online behavior: upward social comparisons, 590 

as well as its offline parallel. In the contemporaneous network online social comparisons 591 

related to other nodes (in large part) as we expected on the basis of previous research, 592 

including positive links to low self-esteem and offline social comparisons (Verduyn et al., 593 

2020). Contemporaneous networks are seen as reflecting fast-paced interactions between 594 

variables of interest (Epskamp, Waldorp, et al., 2018). Consequently, this is consistent with 595 

previous research, which suggests that online upward social comparisons may be relatively 596 

automatic, and capable of driving thoughts and/or feelings associated with low self-esteem 597 

(Faelens et al., 2021; Tibber et al., 2020; Vogel et al., 2014). In the between-subjects 598 

network, however, online comparisons were not associated with wellbeing; in fact, online 599 
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social comparisons showed only a single (positive) connection (with offline social 600 

comparisons) in the between-subjects network. This suggests that the association between 601 

online social comparisons and self-esteem may be stronger and/or more robust with respect to 602 

within rather than between subject effects. However, neither the contemporaneous nor the 603 

between-subjects networks speak to underlying directions of causality. For this we must turn 604 

to the temporal network.  605 

 The temporal network showed reciprocal connections between online and offline 606 

social comparisons, suggesting mutually reinforcing processes and an intimate association 607 

between these behaviours across contexts. This is consistent with one study that found high 608 

correlations between offline (face-to-face) and online (Facebook-mediated) social 609 

comparisons, with respect to both comparisons direction (upward vs. downward) and 610 

orientation (i.e. tendency to make comparisons) (Faranda & Roberts, 2019).  611 

In the temporal network, however, online social comparisons were also found to drive 612 

future (increased) positive affect and (decreased) negative affect. This suggests that online 613 

social comparisons may have very different effects operating at different time-scales, e.g., a 614 

short/immediate (potentially automatic) effect that drives decreases in self-esteem (Faelens et 615 

al., 2021; Vogel et al., 2014), as well as a more positive impact on affect operating over a 616 

slightly longer timescale (e.g., of several hours). This is consistent with a two-step model of 617 

social comparisons that has been proposed (Buunk & Gibbons, 2007), with an unconscious / 618 

automatic step that is often unhelpful (Bocage-Barthélémy et al., 2018), followed by a slower 619 

more conscious step, in which the negative effects of comparisons may be undone through 620 

(for example) consideration of why the target is better or worse off.  621 

 Consistent with this two-step model, and our finding of differential effects operating 622 

at different timescales, one study, undertaken during the pandemic found that individuals who 623 

are more skilled in identifying their negative thoughts and feelings and replacing them with 624 
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positive interpretations (high cognitive reappraisers), were less susceptible to upward 625 

contrasts, i.e. experiencing negative thoughts and/or feelings when making upward 626 

comparisons (Yue et al., 2022). 627 

These findings are also (broadly) consistent with the only other study (to our knowledge) 628 

to have used EMA and network analysis to explore links between online social comparisons 629 

and wellbeing (Faelens et al., 2021). Exploring online comparisons on Facebook and 630 

Instagram use (separately), whilst the authors found an association between online social 631 

comparisons and insecurity in contemporaneous networks (as predicted), online social 632 

comparisons did not drive feelings of insecurity (or negative affect or repetitive negative 633 

thinking) in the temporal networks. For Facebook, online social comparisons were instead 634 

driven by feelings of insecurity, rather than the other way round.  635 

Nonetheless, not only did we not find online social comparisons driving poorer wellbeing 636 

in the temporal network, we actually found that upward social comparisons predicted higher 637 

future positive affect and lower future negative affect. Whilst potential benefits of upward 638 

comparisons were counter to our predictions, they are not unprecedented in the literature. 639 

Thus, whilst online upward social comparisons have typically been linked to poorer 640 

wellbeing (Verduyn et al., 2020; Yang et al., 2019; Yoon et al., 2019), some studies have 641 

found links to better wellbeing (Verduyn et al., 2020). For example, one study, undertaken 642 

during the COVID-19 pandemic, found that online social comparisons predicted 643 

improvements in levels of anxiety, stress, loneliness and life satisfaction across a period of 18 644 

days (Ruggieri et al., 2021b); see Tibber et al. (2024). The authors hypothesised that this 645 

might reflect the capacity for social comparisons to elicit a sense of a shared struggle, and/or 646 

an incentive for individuals to try to elevate their wellbeing to the level of their peers. 647 

However, the authors did not distinguish between upward and downward social comparisons, 648 

such that the possibility cannot be ruled out that participants were in fact benefiting from 649 
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downward social comparisons, i.e. comparisons to those less well off than themselves (Wills, 650 

1981).   651 

Nonetheless, there is a growing body of literature into the impact of SM induced envy 652 

(Meier & Johnson, 2022), which indicates that for some, upward social comparisons may 653 

trigger a form of ‘benign envy’ (sometimes contrasted with ‘malicious’ envy), which is 654 

inspirational, and conducive to positive rather than negative wellbeing (Meier et al., 2020). 655 

Relatedly, individuals may look to others’ success as a model of their own future, i.e. a form 656 

of upward identification (Yue et al., 2022). Further studies are needed to explore inter-657 

individual differences that distinguish such responses from more harmful effects of upward 658 

social comparisons (de Vries et al., 2018; Park & Baek, 2018; Valkenburg et al., 2021), as 659 

well identify which features and affordances of the technology itself facilitate or minimize 660 

social comparison processes (Meier & Johnson, 2022).   661 

One interesting possibility is that such ‘benign envy’ may be particularly common in 662 

collectivistic cultures, and more specifically horizontal (i.e. less hierarchical) collectivistic 663 

cultures, like China, in which the self is conceptualized as part of an in-group, and equality is 664 

emphasized (Baldwin & Mussweiler, 2018; Singelis et al., 1995). Speaking to this proposal, 665 

one study of European Canadians and Asian Canadians found that the latter made more 666 

upward social comparisons, but particularly so after experiencing failure and being primed to 667 

the possibility of self-improvement (White & Lehman, 2005). The authors concluded that 668 

“Asian Canadians seek social comparisons in ways that facilitate self-improvement” (p.239). 669 

Turning next to the offline world, in the contemporaneous network face-to-face time was 670 

(negatively) connected to loneliness and online comparisons, and positively connected to 671 

offline upward social comparisons. Whilst (as noted) contemporaneous networks do not 672 

speak to underlying directions of causality, there is a temptation to interpret this in terms of 673 

the following: (i) offline social comparisons may be a relatively automatic consequence of 674 
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offline socializing, much as online comparisons are (we would argue) a relatively automatic 675 

consequence of online socializing / SM use, and (ii) face-to-face time may reduce feelings of 676 

loneliness, and (iii) potentially relatedly, face-to-face time may reduce the need to compare 677 

oneself to others online, e.g., to seek reassurance from the online world. 678 

The between-subjects network showed a similar pattern of findings, such that individuals 679 

who reported spending more time (on average) face-to-face with others were more likely to 680 

compare themselves offline, and further, felt less lonely. Interestingly, however, they also 681 

exhibited less positive affect, which might reflect a tendency for individuals lower in positive 682 

affect to turn to others to manage their mood. However, as noted, these directions of causality 683 

are merely speculative. Once again, to explore directionality we must turn to the temporal 684 

network. 685 

With respect to the temporal network we found that loneliness was associated with less 686 

future face-to-face time, suggesting that at this timescale at least, individuals who feel lonely 687 

may be driven to withdraw from others, rather than the reverse direction of causality. One can 688 

see how this may set up (in some) a problematic cycle of loneliness and withdrawal that 689 

might become depressogenic. The only other association seen with face-to-face time was a 690 

connection to offline social comparisons; however, we shall discuss this finding below.  691 

In terms of offline social comparisons, these showed a pattern of associations that was 692 

much more in line with what we expected of online social comparisons, and suggestive (we 693 

would argue) of potentially more negative / harmful effects. Thus, in the contemporaneous 694 

network offline social comparisons were positively associated with low self-esteem, negative 695 

affect and online comparisons. In addition, however, offline social comparisons were 696 

positively connected with positive affect (though weakly) and time spent socializing face-to-697 

face. The between subjects network resembled a pruned version of this, such that individuals 698 
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who (on average) reported more offline upward social comparisons reported more negative 699 

affect, more online comparisons, and spent more time face-to-face.  700 

Turning to the temporal network, we see that aside from the reciprocal (positive) 701 

connection with online comparisons (already discussed), there was a similar reciprocal 702 

association between offline comparisons and negative affect, suggesting that individuals may 703 

get caught in a vicious cycle, whereby negative affect drives them to compare themselves to 704 

others offline, which in turn drives their affect lower. Offline social comparisons were also 705 

found to drive future low self-esteem, loneliness and greater SM use, the latter potentially 706 

reflecting a retreat to the online world to escape the pain of such offline comparative 707 

processes. Interestingly, the positive association seen in other networks between offline 708 

comparisons and face-to-face time is reversed (i.e. negative) in the temporal network, 709 

suggesting that at this timescale, offline social comparisons may drive social withdrawal. An 710 

indirect path between offline social comparisons and reduced face-to-face time through 711 

loneliness was also observed, reinforcing the notion of a potential for (offline) social 712 

comparisons to drive social withdrawal.  713 

Taken together, these findings suggest a much more central, and potentially harmful, role 714 

for offline social comparisons than online social comparisons, particularly once one moves 715 

away from immediate, short-term effects. Thus, offline comparisons were found to be much 716 

more densely connected to other variables (reflected in measures of centrality), with paths to 717 

loneliness, low self-esteem, negative affect, and social withdrawal. In contrast, online social 718 

comparisons were far less densely connected, with a link seen to low self-esteem in the 719 

contemporaneous network only, but links to (more) positive affect and (less) negative affect 720 

in the temporal network. Consistent with these findings, in their review of social comparisons 721 

and envy on SM, Meier and Johnson write that “initial studies show online social 722 
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comparison produces more short-term negative affect, yet offline comparison may be more 723 

prevalent and consequential for well-being” (p.3) (Meier & Johnson, 2022)  724 

Why this should be the case is not clear. Indeed, a number of authors have hypothesised 725 

that online social comparisons may be more pervasive and problematic than offline because 726 

of the features and affordances of the online environment. For example, the permanence, 727 

visualness and asynchronicity of online communication, coupled with the potential to connect 728 

with large audiences and near ubiquitous inclusion of quantifiable social metrics (Nesi et al., 729 

2018b, 2018a) may create a context in which users have near-constant and immediate access 730 

to a wide range of heavily curated and idealised comparison targets likely to trigger negative 731 

self-evaluations (Tibber & Silver, 2022).  732 

Nonetheless, we may speculate why offline social comparisons may be more closely 733 

linked to poor wellbeing (than online social comparisons) in our data at least. First, it is 734 

possible that SM users are becoming increasingly digitally literate and hence immune (or less 735 

vulnerable) to the negative effects of online social comparisons. Thus, the potential harmful 736 

effects of SM use, particularly social comparisons have been well documented in the media, 737 

e.g., the notion of an online positivity bias and highlights reel, and there is evidence that 738 

encouraging social “savoring” over social comparisons on social media may have positive 739 

effects on self-esteem (Andrade et al., 2023). Further, there is evidence (as noted in the 740 

introduction) that Generation Z (which represent the bulk of our sample) is expressing 741 

concern about their SM use, and may be actively trying to limit or manage their engagement 742 

(GlobalWebIndex, 2023). In contrast, the harmful effects of offline social comparisons may 743 

be less obvious and less publicised. If this is the case we might expect to see a weakening of 744 

the online social comparisons / wellbeing link with time. 745 

Second, it is possible that individuals have more control over online social comparisons 746 

than offline social comparisons. Thus, it may be far easier to ‘log off’ or re-direct 747 
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engagement to less harmful online content (e.g., by joining a different interest group), than it 748 

is to avoid one’s family, peers and work mates. Indeed, the ‘easiest’ option in the offline 749 

world may be to completely socially withdraw (for which we see evidence in our data in the 750 

form of a temporal link, direct and indirect, between offline social comparisons and reduced 751 

face-to-face contact). Further, the asynchronicity of online communication may mean that 752 

cognitive reappraisal [the second step in the two-step model of social comparisons discussed 753 

(Buunk & Gibbons, 2007)] is facilitated, such that the initial automatic (and negative) effects 754 

of social comparisons are ameliorated (Buunk & Gibbons, 2007; Yue et al., 2022). This is 755 

consistent with the trasndiagnostic cognitive behavioural conceptualisation of SM use 756 

(Tibber & Silver, 2022), which proposes that the same features and affordances of SM may 757 

be conducive to benefits or harms depending on whether they are used automatically / 758 

habitually verses purposefully / intentionally. 759 

Finally, it is possible that offline social comparisons are more harmful than online 760 

comparisons because offline peers represent a more powerful referent group. Thus, people 761 

with whom one has close contact in the offline/physical world (e.g., peers or close friends), 762 

may represent more realistic competition for tangible resources (e.g., prizes, jobs, friends, 763 

romantic/sexual partners, etc.) and be more salient by virtue of their similarity, conditions 764 

under which social comparisons are deemed to be more likely (Corcoran et al., 2011). 765 

Consistent with this notion, mean social comparison ratings (averaged across time-points) 766 

were higher in the offline compared to the online context.   767 

With respect to the limitations of this study, there were several. First, our use of a single 768 

item measure of online and offline social comparisons, which may threaten measurement 769 

reliability, validity and sensitivity (Nunnally & Bernstein, 1994). Nonetheless, we note that 770 

this is common practice in the literature, particularly with respect to EMA, where the use of 771 

multiple time-point sampling places a heavy burden on the participants in terms of survey 772 
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length (Faelens et al., 2021), and may be particularly appropriate where effects explored are 773 

robust and reliable, as is the case (we would argue) for documented associations between 774 

online social comparisons and mental health / wellbeing (Verduyn et al., 2020). More 775 

broadly, research has highlighted the acceptable reliability and validity of many single-item 776 

measures, including within mental health, e.g., (McKenzie & Marks, 1999). 777 

Second, all items using in this study were based on self-report items / measures, including 778 

data with respect to SM use. Whilst EMA reduces the delay between behavior and reporting, 779 

there is still the potential for self-report to increase measurement noise and/or bias (Andrews 780 

et al., 2015; Ellis et al., 2019). However, more “objective” measures such as in-phone app 781 

trackers may also be inaccurate and/or biased; further, one study of EMA found little 782 

difference in subjective and objective measure of use, and no meaningful association between 783 

report accuracy and wellbeing, nor with inter-individual (personality) differences or 784 

emotional and motivational states (Johannes et al., 2021). Thus, whilst self-report methods 785 

may introduce error, this does not seem to be systematic.  786 

Third, whilst well suited to the research questions we proposed, network analysis is not 787 

without its problems. For example, causal inferences in temporal networks assume that there 788 

are no time-varying confounders; in other words, it assumes that the influence of included 789 

variables do not vary as a function of time. However, we cannot exclude the possibility of 790 

time-varying confounders that might distort reported associations. In addition, network 791 

analysis - particularly where many variables of interest are modelled - may lead to spurious 792 

effects because of collider bias. Though a full explanation of collider bias lies beyond the 793 

remits of the paper, suffice to say that whilst intuition would suggest that inclusion of 794 

additional covariates to a model (e.g., regression or network analytic) would incrementally 795 

increase the accuracy of the estimates of a variable’s effects, this is not always the case. In 796 

fact, under certain some circumstances, inclusion of covariates may actually reduce the 797 
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accuracy of effect estimates (York, 2018), and we cannot rule out the possibility of such 798 

effects in our findings. 799 

On the flipside, however, there were many potential mediators and moderators that were 800 

not included in this study, which may have identified distinct intervening pathways, or 801 

particularly at-risk groups. For example, it would have been interesting to explore the role of 802 

different patterns of SM engagement in examined processes, e.g., active versus passive 803 

engagement, as well as the potential for differential effects in males and females, or those 804 

with pre-existing mental health conditions.  805 

Relatedly, a further limitation is that the measure of social comparisons used here did not 806 

capture the contents of participants’ comparisons (e.g., comparisons of wealth, beauty or 807 

academic ability), nor their motivations for comparisons. Instead, upward social comparisons 808 

were measured in general, potentially masking sub-types of comparisons that may be 809 

particularly strongly linked to wellbeing. We note, however, that in a follow-up study that is 810 

currently underway, we are using network analysis of EMA data to explore the role of social 811 

comparisons across multiple dimensions of comparisons. 812 

In conclusion, the study explored associations between SM use and online upward social 813 

comparisons with wellbeing, as well as parallel offline processes, addressing a number of 814 

major limitations in the literature, including a predominance of cross-sectional designs, lack 815 

of control for / examination of equivalent offline processes, exclusive focus on negative 816 

affect, and reliance on between-subjects effects that lack temporal precision. Using a 817 

sophisticated data sampling and statistical analysis methodology (EMA and network 818 

analysis), we explored dynamic effects between key variables of interest, operating at 819 

multiple time-scales. Our findings are not consistent with the idea that social comparisons are 820 

exacerbated by the online environment, but instead, suggest that the negative effects of 821 

offline social comparisons on wellbeing (as operationalized here) may in fact be more robust 822 
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and consequential, with negative effects operating at multiple timescales, and evident within 823 

both between and within participant analyses. Whilst these findings do not rule out the 824 

potential for fast-acting negative effects of online social comparisons on wellbeing, or the 825 

possibility of other pathways driving purported SM-mental health risks, they do not support 826 

reductionistic, broad-sweeping, and catastrophizing narratives around the dangers of SM use, 827 

and more specifically, online social comparisons (Orben, 2020).  Nonetheless, future research 828 

should explore the robustness of such findings across different cultural contexts, as well as 829 

the potential for particularly at risk groups.  830 
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Supplementary Table 1.  Chinese translation of items included.  1103 

 1104 
 1105 

Supplementary Table 2. Effects are shown for the contemporaneous network. Partial and first-order correlation 1106 
coefficients and associated standard deviations (SD) are shown for all significant effects. Non-significant effects 1107 
are not shown. 1108 

 1109 
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 1111 

 1112 
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 1114 

 1115 

 1116 

 1117 

 1118 

 1119 

 1120 

 1121 

 1122 

 1123 

  1124 

Variable Items (English) Items (Chinese) 

Social media time (i) Over the past hour, how many minutes have you spent 

on social media platforms? 

(i)在过去的一小时内，你花了多少分钟在社交媒

体平台上？ 

Face-to-face time (i) Over the past hour, how many minutes have you spent 
in the physical presence of others, i.e. at least one other 

person regardless of whether you interacted with them? 

(i)在过去的一小时内，你花了多少分钟在现实生

活中与他人在一起（无论你是否与他人有交

流）？ 

Online 

 upward SCs 
(i) In the past hour, I have compared myself to others I 
encountered online who are better off than me. 

(i)在过去的一小时内，我将自己和在网络上遇到

的比自己更好的人相互比较。 

Offline  
upward SCs 

(i) In the past hour, I have compared myself to others I 

encountered offline who are better off than me. 

(i)在过去的一小时内，我将自己和在现实生活中

遇到的比自己更好的人相互比较。 

Low self-esteem (i) In the past hour, I have felt insecure. (i)在过去的一小时内，我缺乏安全感。 

 (ii) In the past hour, I have felt positive toward myself 
(R). 

(ii)在过去的一小时内，我对于自己是抱着肯定的

态度（R）。 

Loneliness (i) In the past hour, I have felt close to people (R). (i)在过去的一小时内，我感到与他人亲近（R）。 

 (ii) In the past hour, I have felt lonely. (ii)在过去的一小时内，我感到孤独。 

Affect Please try and rate the separate emotions separately, so 

that for example a score of zero on happiness means that 
you are not feeling happy, but does not necessarily mean 

that you are feeling sad. In the past hour, I have felt… 

请对下列情绪进行独立地评分，比如，给“高兴

的”选择 0分意味着你没有感受到高兴，但并不一

定意味着你感受到悲伤。在过去的一小时内，我

感到： 

Positive affect (i) Happy. (i) 高兴的。 

 (ii) Satisfied.  (ii) 满意的。  

 (iii) Energetic. (iii) 精神充沛的。 

Negative affect (i) Angry. (i) 生气的。 

 (ii) Tense.  (ii) 紧张的。  

 (iii) Sad. (iii)悲伤的。 

 (iv) Anxious. (iv) 焦虑的。 

   

Variable 1 Variable 2 P value 

 

Partial 

correlation 
(SD) 

Correlation 

(SD) 

Negative affect Positive affect <0.001 -0.13 (0.15) -0.26 (0.22) 

Online comparisons Social media <0.001 0.07 (0.06) 0.07 (0.07) 

Online comparisons Face-to-face 0.01 -0.04 (0.03) -0.03 (0.05) 

Offline comparisons Face-to-face <0.001 0.08 (0.02) 0.07 (0.04) 

Offline comparisons Positive affect <0.01 0.05 (0.04) -0.001 (0.12) 

Offline comparisons Negative affect <0.001 0.13 (0.09) 0.17 (0.15) 

Offline comparisons Online comparisons <0.001 0.19 (0.19) 0.21 (0.22) 

Low self-esteem Positive affect <0.001 -0.21 (0.1) -0.22 (0.18) 

Low self-esteem Negative affect <0.001 0.25 (0.15) 0.35 (0.2) 

Low self-esteem Online comparisons <0.001 0.12 (0.1) 0.17 (0.16) 

Low self-esteem Offline comparisons <0.001 0.09 (0.13) 0.14 (0.2) 

Loneliness Face-to-face <0.001 -0.18 (0.06) -0.21 (0.09) 

Loneliness Positive affect <0.001 -0.31 (0.09) -0.4 (0.12) 

Loneliness Negative affect <0.001 0.08 (0.02) 0.21 (0.13) 

Loneliness Low self-esteem <0.001 0.14 (0.1) 0.28 (0.17) 
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Supplementary Table 3. Significant edges are shown for the temporal network (with a lag of one). Edge 1125 
weight=fixed effects coefficients; SE=standard error of fixed effects. 1126 
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 1144 

Supplementary Table 4. Effects are shown for the between-subjects network. Partial correlation coefficients 1145 
and associated standard deviations (SD) are shown for all significant effects. Non-significant effects are not 1146 
shown. 1147 
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  1155 

From To Edge Weight 

(SE) 

P value 

 

Social media Social media 0.09 (0.02) <0.001 

Face-to-face Face-to-face 0.15 (0.02) <0.001 

Positive affect Positive affect 0.29 (0.02) <0.001 

Positive affect Offline comparisons 0.04 (0.02) 0.01 

Positive affect Loneliness -0.08 (0.02) <0.001 

Negative affect Negative affect 0.27 (0.02) <0.001 

Negative affect Offline comparisons 0.1 (0.02) <0.001 

Negative affect Low self-esteem 0.09 (0.02) <0.001 

Negative affect Loneliness 0.03 (0.02) 0.04 

Online comparisons Online comparisons 0.13 (0.02) <0.001 

Online comparisons Positive affect 0.04 (0.02) 0.02 

Online comparisons Negative affect -0.03 (0.01) 0.04 

Online comparisons Offline comparisons 0.05 (0.02) 0.001 

Offline comparisons Offline comparisons 0.14 (0.02) <0.001 

Offline comparisons Social media 0.04 (0.02) 0.02 

Offline comparisons Face-to-face -0.04 (0.02) <0.05 

Offline comparisons Negative affect 0.04 (0.02) 0.02 

Offline comparisons Online comparisons 0.06 (0.02) 0.001 

Offline comparisons Low self-esteem 0.04 (0.01) <0.01 

Offline comparisons Loneliness 0.04 (0.02) 0.02 

Low self-esteem Low self-esteem 0.16 (0.02) <0.001 

Low self-esteem Negative affect 0.03 (0.02) 0.04 

Loneliness Loneliness 0.16 (0.02) <0.001 

Loneliness Face-to-face -0.04 (0.02) 0.01 

    

Variable 1 Variable 2 P value 
 

Partial 
correlation 

 

Correlation 

Offline comparisons Negative affect 0.002 0.35 0.93 

Offline comparisons Face-to-face 0.02 0.26 -0.39 

Offline comparisons Online comparisons <0.001 0.78 0.97 

Low self-esteem Negative affect <0.001 0.69 0.97 

Loneliness Face-to-face 0.001 -0.36 -0.56 

Loneliness Positive affect <0.001 -0.56 -0.75 

Loneliness Low self-esteem 0.002 0.33 0.88 

Positive affect Face-to-face <0.05 -0.22 0.29 
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 1156 

Supplementary Table 5. Indices of node centrality for the contemporaneous network. Bold indicates strongest 1157 
node/s in the network. 1158 
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 1164 

Supplementary Table 6. Indices of node centrality for the temporal network. Bold indicates strongest node/s in 1165 
the network. 1166 
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Supplementary Table 7. Indices of node centrality for the between-subjects network. Bold indicates strongest 1174 
node/s in the network. 1175 

 1176 

  1177 

 Degree Closeness 

 

Betweenness 

Social media 0.07 0.006 0 

Face-to-face 0.3 0.009 0 

Positive affect 0.7 0.013 4 

Negative affect 0.59 0.012 2 

Online comparisons 0.42 0.012 12 

Offline comparisons 0.52 0.011 4 

Low self-esteem 0.81 0.014 14 

Loneliness 0.71 0.011 6 

    

 In  

degree 

Out  

degree 

Closeness 

 

Betweenness 

Social media 0.03 0 0 0 

Face-to-face 0.07 0 0 0 

Positive affect 0.04 0.12 0.004 1 

Negative affect 0.11 0.22 0.005 6 

Online comparisons 0.06 0.12 0.004 3 

Offline comparisons 0.19 0.25 0.005 15 

Low self-esteem 0.13 0.03 0.002 0 

Loneliness 0.15 0.04 0 1 

     

 Degree Closeness 

 

Betweenness 

Social media 0 0 0 

Face-to-face 0.83 0 8 

Positive affect 0.77 0 0 

Negative affect 1.03 0 4 

Online comparisons 0.78 0 0 

Offline comparisons 1.38 0 12 

Low self-esteem 1.03 0 4 

Loneliness 1.25 0 12 

    


