Supplemental Text 1 (S1). Description of alternative modeling

In addition to the primary analyses presented in the manuscript, we also tested alternative models involving structural equation modeling with latent variables. 
First, we tested confirmatory factor analysis (CFA) measurement models for the primary variables. We report goodness of fit indices, including the Tucker-Lewis Index (TLI), comparative fit index (CFI), root mean square error of approximation (RMSEA), and standardized root mean square residual (SRMR). In all CFAs, the first factor loading per factor was fixed to a value of 1, to scale the factor.

CFA Models
We tested a social media engagement single-factor CFA using maximum likelihood estimation with robust standard errors, treating the measure’s items as continuously scaled, using a Pearson covariance matrix, and linear regression-based factor loadings. This model fit well,2(2) = 13.242, p = .001, CFI = .985, TLI = .954, RMSEA = .089 (90% CI: .048-.137), SRMR = .021. Standardized factor loadings appear below, along with standard errors, z values, and p values.
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	Estimate
	S.E.
	z
	p

	Social Media Engagement Item
	
	
	
	

	Item 1
	0.531
	0.028
	19.061
	<.001

	Item 2
	0.851
	0.021
	40.371
	<.001

	Item 3
	0.753
	0.026
	29.436
	<.001

	Item 4
	0.681
	0.031
	22.064
	<.001



	Next, we tested a single-factor CFA for JoMO using maximum likelihood estimation with robust standard errors, treating the measure’s items as continuously scaled, using a Pearson covariance matrix, and linear regression-based factor loadings. However, fit was poor. Then we modified the single-factor model to instead model JoMO as a three-factor model discussed in Eitan and Gazit (2024). However, fit was still poor. Using this three-factor model, we then specified a residual error covariance between item 6 (“When social media is unavailable to me for a while I experience a sense of well-being or relief”) and item 10 (“I feel lonely when I am not connected to social networks”); we first reverse-coded item 10 before analyzing. After implementing the residual error covariance and three-factor model, model fit was adequate,2(31) = 100.556, p < .001, CFI = .951, TLI = .929, RMSEA = .056 (90% CI: .044-.069), SRMR = .042. Standardized factor loadings, factor intercorrelations and the residual error covariance appear below, along with standard errors, z values, and p values.


	
	Estimate
	S.E.
	z
	p

	JoMO Active Loadings
	
	
	
	

	Item 2
	0.644
	0.036
	18.052
	<.001

	Item 4
	0.348
	0.041
	8.524
	<.001

	Item 6
	0.586
	0.036
	16.401
	<.001

	Item 10
	0.605
	0.035
	17.397
	<.001

	Item 11
	0.696
	0.032
	21.409
	<.001

	
	
	
	
	

	JoMO Passive Loadings
	
	
	
	

	Item 3
	0.696
	0.033
	20.985
	<.001

	Item 5
	0.720
	0.031
	22.912
	<.001

	Item 7
	0.660
	0.034
	19.384
	<.001

	
	
	
	
	

	JoMO Coping Loadings
	
	
	
	

	Item 9 (reverse coded)
	0.684
	0.104
	6.604
	0.001

	Item 12 (reverse coded)
	0.741
	0.117
	6.339
	0.736

	
	
	
	
	

	
	
	
	
	

	JoMO Passive-JoMO Active Correlation
	0.753
	0.038
	19.921
	<.001

	
	
	
	
	

	
	
	
	
	

	JoMO Coping-JoMO Active Correlation
	0.190
	0.060
	3.188
	0.001

	JoMO Coping-JoMO Passive Correlation
	-0.021
	0.063
	-0.337
	0.736

	
	
	
	
	

	Item 6-Item 10 Residual Error Covariance
	0.447
	0.046
	9.775
	<.001




Next, we tested a three-factor well-being model using the conceptualization mentioned in the article relevant to this Supplement. We used maximum likelihood estimation with robust standard errors, treating the measure’s items as continuously scaled, using a Pearson covariance matrix, and linear regression-based factor loadings. However, fit was poor. Then, we tested this model using weighted least squares with a mean- and variance-adjusted chi-square (WLSMV), treating items as ordinal, using a polychoric covariance matrix, and using probit-based factor loadings. Fit was adequate but not excellent, 2(74) = 877.919, p < .001, CFI = .924, TLI = .907, RMSEA = .124 (90% CI: .117-.131), SRMR = .051. Standardized factor loadings and factor intercorrelations appear below, along with standard errors, z values, and p values.


	
	Estimate
	S.E.
	z
	p

	Well-being Emotional Loadings
	
	
	
	

	Item 1
	0.819
	0.015
	53.769
	<.001

	Item 2
	0.860
	0.012
	73.943
	<.001

	Item 3
	0.894
	0.013
	69.236
	<.001

	
	
	
	
	

	Well-being Social Loadings
	
	
	
	

	Item 4
	0.759
	0.025
	30.906
	<.001

	Item 5
	0.754
	0.021
	35.244
	<.001

	Item 6
	0.701
	0.022
	31.202
	<.001

	Item 7
	0.551
	0.028
	19.399
	<.001

	Item 8
	0.588
	0.026
	22.495
	<.001

	
	
	
	
	

	Well-being Psychological Loadings
	
	
	
	

	Item 9
	0.680
	0.021
	31.750
	<.001

	Item 10
	0.556
	0.027
	20.793
	<.001

	Item 11
	0.686
	0.022
	31.672
	<.001

	Item 12
	0.726
	0.021
	34.260
	<.001

	Item 13
	0.679
	0.022
	31.462
	<.001

	Item 14
	0.867
	0.014
	62.263
	<.001

	
	
	
	
	

	
	
	
	
	

	Well-being Social-Well-being Emotional Correlation
	0.752
	0.020
	37.112
	<.001

	
	
	
	
	

	
	
	
	
	

	Well-being Psychological-Well-being Emotional Correlation
	0.852
	0.015
	57.557
	<.001

	Well-being Psychological-Well-being Social Correlation
	0.795
	0.021
	38.502
	<.001






We assessed FoMO using a single-item measure. Therefore, it is not possible to conduct CFA on such a variable because of mathematical identification problems. 
	Social comparison has only two items. So it also cannot be analyzed using CFA because of mathematical identification problems.

SEM
	We tested a structural equation model using WLSMV estimation, and we treated the items within CFAs as we mentioned above. For FoMO and social comparison, we used total scores instead of CFAs for modeling. We modeled the SEM analysis after Figure 1 from our article relevant to this Supplemental file. However, in the Figure, JoMO is conceptualized as a single variable. Because we could not obtain adequate fit for JoMO as a single-factor model (mentioned above), we treated JoMO as a higher-order CFA, using a single higher-order JoMO factor consisting of the three first-order JOMO factors. Thus based on Figure 1 from the article, we used social media engagement as a single-factor CFA as the predictor; FoMO (total score), social comparison (total score), and JoMO (higher-order factor) as mediators; and the three well-being variables specified as a three-factor well-being CFA as the outcome variables; age and gender were covariates of the well-being factors.
	However, when testing this SEM, we had model estimation problems – specifically a non-positive definite matrix. Specifically, we had a linear dependency among latent variables because of a negative variance/residual variance for the JoMO Active factor. We did not have this issue when modeling JoMO as a single factor; however, when doing so, fit was poor. Thus, we were not able to execute an SEM that had well-fitting measurement models and also successfully ran without model estimation problems. 

Path Model
For completeness, we also evaluated fit of the path model depicted in Figure 1 within a structural equation modeling framework – as a path analysis with all observed variables. As noted in the manuscript and above in this supplement, full SEM with latent variables was not adopted as the primary analytic approach due to model estimation problems. The path model demonstrated poor fit to the data, 2(12) = 176.33, p < .001, CFI = .880, TLI = .670, RMSEA = .139, 90% CI [.121-.158], SRMR = .085. Importantly, adding direct paths from predictors to outcomes did not substantively improve model fit. Given these considerations, we relied on a regression-based mediation framework in the article, which is less restrictive in terms of global model fit assumptions and more aligned with the analytic goals of the study.
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