School Exclusion as a Partial Mediator Between Autism and Adolescent Mental Health
Supplementary Information
Online Resource 1. G-computation Method
Mediation analyses were conducted using parametric g-computation, with the outcome model specified using linear regression and the mediator model specified using logistic regression. Counterfactual direct, indirect and total effects were estimated using Monte Carlo integration with 50,000 simulations.











Online Resource 2. Causal Assumptions
The causal analyses relied on several assumptions required for identification of causal effects. The consistency assumption states that an individual’s observed outcome under their received exposure corresponds to their potential outcome under that exposure (Robins et al., 2000). The positivity assumption requires that individuals with each combination of observed covariates have a non-zero probability of receiving each level of exposure (Hernán & Robins, 2006). The no interference assumption states that an individual’s outcome is not affected by the exposure received by other individuals (Tchetgen & VanderWeele, 2012). The exposure-mediator interaction assumption considers whether the effect of the exposure on the outcome varies depending on levels of the mediator, as such interactions may influence the interpretation and estimation of mediation effects (De Stavola et al., 2015). Finally, the no unmeasured confounding assumption requires that all relevant confounders influencing the key relationships have been adequately measured and accounted for, allowing unbiased estimation of causal effects (De Stavola et al., 2015). 






Online Resource 3.  Interaction Effects Between Presence of ASC and School Exclusion on Internalising and Externalising Outcomes
	Outcome
	OR
	95% CI
	p-value

	Externalising
	0.64
	(-0.41, 1.68)
	0.232

	Internalising
	0.79
	(-0.57, 2.15)
	0.255


Note. OR = odds ratio; 95% CI = 95% confidence intervals. 






Online Resource 4. Interaction Effects Between Presence of ASC and Intermediate Confounders on Internalising and Externalising Outcomes
	Interaction Terms
	OR
	95% CI
	p-value

	ASC*pre-existing externalising difficulties
	

	Externalising
	0.01
	(-0.08, 0.11)
	0.795

	Internalising
	-0.02
	(-0.14, 0.10)
	0.716

	ASC*parents mental health 
	

	Externalising
	-0.01
	(-0.09, 0.07)
	0.750

	Internalising 
	-0.07
	(-0.17, 0.04)
	0.195


Note. ASC = Autism Spectrum Conditions; OR = odds ratio; 95% CI = 95% confidence intervals. 
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Online Resource 5. Pairwise Pearson Correlation Matrix of Missingness Indicators for Confounders and Mediators with Exposure and Outcome Variables
	
	(mi)exclusion
	(mi)parent mental health
	(mi)prior externalising
	(mi)deprivation
	(mi)ethnicity
	(mi)parent engagement
	(mi)maternal age

	(mi)exclusion
	1.00
	-
	-
	-
	-
	-
	-

	(mi)parent mental health
	0.02
	1.00
	-
	-
	-
	-
	-

	(mi)prior externalising
	0.02
	0.59
	1.00
	-
	-
	-
	-

	(mi)deprivation
	0.02
	0.10
	0.13
	1.00
	-
	-
	-

	(mi)ethnicity
	-0.007
	-0.003
	-0.002
	-0.0007
	1.00
	-
	-

	(mi)parent engagement
	0.02
	-0.005
	-0.005
	-0.01
	-0.004
	1.00
	-

	(mi)maternal age
	0.01
	0.07
	0.04
	0.02
	0.09
	-0.03
	1.00

	(mi)internalising
	0.41
	-0.002
	-0.01
	0.004
	0.002
	0.01
	0.006

	(mi)externalising
	0.41
	0.005
	-0.004
	-0.002
	0.002
	0.01
	0.01

	ASD
	-0.02
	-0.0005
	-0.006
	-0.005
	-0.002
	-0.003
	-0.006

	Physical health
	0.02
	0.11
	0.10
	0.01
	0.002
	0.006
	0.03

	
	(mi)internalising
	(mi)externalising
	ASD
	Physical health
	Parent household
	sex

	(mi)internalising
	1.00
	
	
	
	
	

	(mi)externalising
	0.96
	1.00
	
	
	
	

	ASD
	0.02
	0.02
	1.00
	
	
	

	Physical health
	0.03
	0.03
	0.07
	1.00
	
	

	Parent household
	-0.12
	-0.12
	-0.03
	-0.06
	1.00
	

	sex
	-0.05
	-0.05
	-0.07
	-0.02
	0.004
	1.00


Note. (mi) = missingness indicator; ASC = Autism Spectrum Conditions; prior externalising = externalising difficulties before exclusion; deprivation = socioeconomic deprivation; parent engagement = parental engagement with school; physical health = child’s physical health.





Online Resource 6. Handling of Data 
Missing data were handled using multiple imputation by chained equations, implemented within the g-computation procedure, with the imputation model iterated for 100 cycles to promote convergence. Uncertainty was estimated using 500 non-parametric bootstrap replications, with imputation and estimation repeated within each bootstrap sample and 95% confidence intervals and p-values derived from the resulting bootstrap distribution. Statistical significance was defined at p < 0.05 and all models adjusted for confounders identified in the DAG. 











Online Resource 7. Mediating Impact of Temporary Suspensions on the Relationship Between ASC and Mental Health Outcomes
	Outcome
	Sample Size
	TCE
	95% CI
	p-value
	Direct
	95% CI
	p-value
	Indirect
	95% CI
	p-value

	Externalising
	10225
	0.61
	(0.05,
 1.17)
	0.034
	0.59
	(0.30,
 1.15)
	0.039
	0.02
	(-0.004,
 0.04)
	0.118

	Internalising
	10225
	1.24
	(0.60,
 1.87)
	<0.001
	1.23
	(0.60,
 1.87)
	<0.001
	0.004
	(-0.01,
 0.02)
	0.634



Note. TCE = total causal effect; Direct = randomised natural direct effect; Indirect = randomised natural indirect effect; CI = 95% confidence intervals. Both models adjusted for: sex, maternal age at birth, parental mental health, child’s physical health status, single-parent household, ethnicity, pre-existing externalising difficulties, parental school engagement and socioeconomic deprivation.
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