Supplement 3: Causal Discovery Analysis
To gain additional insight into the relations explored in our network analyses, we employed causal discovery analysis. Causal discovery analyses are an emerging class of machine-learning algorithms that leverage patterns (e.g., partial correlation) in observational datasets to determine the relative plausibility of potential causal relations between variables (see Figure S7). These analyses can recover even complex causal pathways from observational data (Shen et al., 2020).  
The Greedy Fast Causal Inference (GFCI) algorithm was used to infer empirically plausible causal relations between interpretation bias/inflexibility, markers of socio-affective functioning (e.g., co-dampening, rejection sensitivity), and symptoms of depression and social anxiety. The GFCI algorithm searches the space of penalized likelihood scores of all possible acyclic causal relations among the measured variables to produce a preliminary assessment of likely causal pathways. This preliminary result is then iteratively refined by ruling out causal models that imply patterns of conditional independence inconsistent with the data. The output of this procedure is a partial ancestral graph (PAG), with the edge type (Table S1) varying depending on the set of directed edges that were present across all remaining plausible causal models (e.g., a directed edge [à] is present if, and only if, all models not containing that edge were removed during the steps outlined above). A particular strength of the GFCI algorithm is its ability to identify situations where unmeasured variables confound the relation between two measured variables (Ogarrio et al., 2016), making it particularly well-suited to analyses of data from human research studies (where practical concerns, such as time limitations, constrain measurement of all relevant variables).  
To better ensure graph stability, the GFCI algorithm was repeated on 10,000 jackknifed re-samples of the study data. These re-samples were created by randomly deleting 10% of cases from the study dataset. The original dataset was included as an additional re-sample. Results were aggregated into a single, consensus PAG by depicting the edge type (including: “no edge”) and orientation most commonly present in the PAGs created from the jackknifed re-samples. The full FCI rule set was employed. Default values for the remaining parameters were used. For example, the penalty discount (c) used for generating the initial likelihood scores (BIC) was set to 1, the alpha value used in conjunction with Fisher’s z tests to determine conditional independence and refine the preliminary results was set to .010, and one-edge faithfulness was not assumed. Because causal discovery algorithms recover causal pathways more effectively when they are provided with prior knowledge (Shen et al., 2020), the algorithm was given a set of forbidden and required edges: 1) Based on the results of our previous research (Bronstein et al., 2022), co-dampening was forbidden from causing interpretation inflexibility, and excessive reassurance-seeking was required to be a direct cause of rejection sensitivity. 2) Based on prior literature on excessive reassurance-seeking, it was required to cause negative social interactions. 
To provide information about the size of potential causal effects identified by GFCI, structural equation models featuring the edges GFCI suggested were fit to the data (using lavaan; Rosseel, 2019). Standardized structure coefficients were then added to the PAG. In cases where the voting ensemble preferred one edge orientation (à) to its opposite (ß) by a slim margin (<10%), or when an edge orientation did not match that suggested by prior literature, Vuong’s test (Vuong, 1989) was used to compare the model suggested by GFCI to that with the edge in question reversed. Significant results indicate support for GFCI’s conclusion about the edge orientation over the alternative.
Results and Discussion
Exploratory causal discovery analyses were conducted to probe empirically plausible causal relations between interpretation processes and socio-affective functioning difficulties associated with depression and social anxiety symptoms. The results of the causal discovery analysis are presented in Table S2 and Figure S8. 
The causal discovery analysis suggested that inflexible negative interpretations may serve as a possible cause of co-dampening of positive emotions, which, in turn, was identified as a potential direct cause of negative feedback-seeking, co-rumination, and negative social interactions. This suggests that inflexible negative interpretations may contribute to an interpersonal environment of low positive and high negative emotion that is conducive to the formation and maintenance of depression and social anxiety (Bastin et al., 2018; Hames et al., 2013). Moreover, the results indicated that social anxiety may potentially cause individuals to systematically interpret ambiguous social situations in an overly pessimistic manner. Interestingly, it suggested that negative interpretation bias might be a consequence, rather than a cause, of social anxiety symptoms. This is noteworthy given that cognitive models implicate negative interpretation bias as a factor that maintains social anxiety over time (Beard & Amir, 2010). This observation warrants further research into the role of negative interpretation bias as a potential cause and/or consequence of social anxiety. Finally, results indicated that the tendency to make fewer positive interpretations may be a potential cause of rejection sensitivity. These results suggest that a less positive interpretation bias may damage interpersonal relationships by promoting behaviors like hostility and diminished supportiveness (Downey & Feldman, 1996) via its putative effect on rejection sensitivity.
These results should be interpreted in the context of several limitations. First, our general population sample had relatively mild symptoms of depression and social anxiety. Patterns of causation may differ at the higher symptom levels seen in clinical groups. Second, the empirically plausible patterns of causation identified in our cross-sectional dataset may differ from those that unfold over time. To further examine these potential causal relationships, future studies should employ longitudinal designs. 
Figure S7
Patterns of Conditional Relations Convey Information About Causal Orientations
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Note. The absence of an arrow denotes the absence of a potential causal relation. Green arrows denote causal relations between variables (see Table S1). Panel 1: A “collider” graph (A and C directly cause B, no edge between A and C). A is unconditionally independent of C, and A is dependent on C conditional on B. Panel 2: However, in all other possible relations between A, B, and C (where no edge is present between A and C), a different pattern of conditional relations emerges: A is unconditionally dependent on C, and A is independent of C conditional on B. Given the differential pattern of conditional relations between the graphs in Panel 1 and Panel 2, examining conditional relations can support inference about whether a collider or some other causal process generated the observed data. Greedy Fast Causal Inference uses cases like that illustrated above to determine the direction of causal edges and to rule in/out latent confounds of the relations between variables.














Table S1
Edge Types in a Partial Ancestral Graph Convey Information about Potential Causal Relations
	
	Information Conveyed

	[image: A black background with a black square

Description automatically generated with medium confidence]
	A is a direct or indirect cause of B. A and B are potentially confounded. B is not a cause of A. 

	[image: A black background with a black square

Description automatically generated with medium confidence]
	Either A is a cause of B or there is an unmeasured confounder of A and B, or both.
B is not a cause of A.
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Description automatically generated with medium confidence]
	There is an unmeasured confounder (L) of A and B. There may be measured variables along the causal pathway from L to A or B.
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Description automatically generated with medium confidence]
	Exactly one of the following holds: 
1. A is a cause of B
2. B is a cause of A
3. There is an unmeasured confounder of A and B
4. Both 1 and 3
5. Both 2 and 3


Note. In addition to the above, if an edge is bold (thickened), then the relation is definitely direct. Else, it is possibly indirect. If an edge is green, there is no latent confounder of the relation; if it is blue, there may be a latent confounder.
	
	
	



Table S2
GFCI Ensemble Voting Shares
	Var1 
	Var2 
	0à 
	ß0
	0-0
	ßpdpl 
	ßpdnl 
	ßddnl 
	ßddpl 
	ßà
	àpdpl 
	àpdnl 
	àddnl 
	àddpl 
	none 

	CDM
	NSI
	--
	--
	--
	--
	--
	.04
	--
	--
	--
	.49
	.47
	--
	--

	CDM
	CRM
	--
	--
	--
	--
	--
	--
	--
	--
	--
	.43
	.57
	--
	--

	CDM
	NII
	--
	.92
	--
	--
	.02
	.06
	--
	--
	--
	--
	--
	--
	--

	CDM
	NFS
	--
	--
	--
	--
	--
	--
	--
	--
	--
	--
	1.00
	--
	--

	NSI
	ERS
	--
	--
	--
	.63
	.02
	.24
	.09
	.02
	--
	--
	--
	--
	--

	CRM
	NIB
	--
	--
	--
	--
	.02
	.07
	--
	--
	--
	.01
	.87
	--
	.03

	NII
	ERS
	.02
	--
	.61
	--
	.02
	--
	--
	--
	--
	--
	.02
	--
	.32

	CRM
	NDI
	--
	--
	--
	.15
	.08
	.60
	--
	--
	--
	--
	.16
	--
	.01

	NII
	NDI
	.29
	--
	.15
	.48
	--
	--
	--
	.06
	--
	--
	--
	--
	--

	NEM
	NDI
	--
	--
	.14
	--
	.76
	--
	--
	--
	--
	--
	--
	--
	.10

	NSI
	LNL
	--
	--
	0
	--
	--
	.02
	--
	--
	--
	.25
	.72
	--
	--

	NII
	PIB
	--
	--
	.71
	--
	--
	--
	--
	.05
	.21
	--
	.02
	--
	--

	NEM
	NSZ
	--
	--
	.91
	--
	--
	.08
	--
	--
	--
	--
	--
	--
	--

	BDI
	LNL
	.02
	--
	.04
	--
	.02
	.10
	--
	--
	.29
	--
	.53
	--
	--

	BDI
	SAD
	--
	.03
	.30
	.16
	--
	.41
	--
	--
	--
	--
	.08
	--
	--

	NIB
	SAD
	--
	.04
	.02
	.35
	.09
	.36
	--
	--
	--
	--
	--
	--
	.14

	ERS
	SAD
	--
	--
	.46
	--
	--
	--
	--
	--
	.21
	.08
	.19
	--
	.05

	NDI
	PIB
	--
	.52
	.07
	--
	.01
	--
	--
	--
	.01
	--
	.12
	--
	.25

	NDI
	NSZ
	--
	--
	.15
	--
	--
	--
	--
	--
	--
	.76
	.09
	--
	--

	ERS
	RJS
	--
	--
	--
	--
	--
	--
	--
	--
	.66
	.23
	.01
	.01
	.09

	LNL
	RJS
	--
	--
	--
	--
	--
	.02
	--
	--
	--
	.09
	.84
	--
	.04

	PIB
	RJS
	.01
	--
	--
	--
	--
	--
	--
	.02
	.59
	--
	.26
	--
	.11


Note. Var = Variable. pd = Possibly direct. dd = Definitely direct. pl = Possibly latent. nl = No latent. Numbers represent the fraction of the ensemble that voted for a particular edge type. NIB = Negative Interpretation Bias. NII = Negative Interpretation Inflexibility. PIB = Positive Interpretation Bias. BDI = Depression. SAD = Social Anxiety. RJS = Rejection Sensitivity. NFS = Negative Feedback-Seeking. ERS = Excessive Reassurance-Seeking. CRM = Co-Rumination. CDM = Co-Dampening. NSI = Negative Social Interactions. LNL = Perceived Loneliness. NDI = Network Diversity. NSZ = Network Size. NEM = Number of Embedded Networks.
Figure S8
Directed Acyclic Graph suggested by the Greedy Fast Causal Inference (GFCI) Causal Discovery Algorithm
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Note. See Table S1 for a description of possible edge types. Numbers adjacent to edges are standardized parameter estimates from a structural equation model of the causal structure suggested by GFCI. NII = Negative Interpretation Inflexibility. PIB = Positive Interpretation Bias. NIB = Negative Interpretation Bias. SSAD = Social Anxiety. BDI = Depression. 
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