S2 Text. A detailed description of the inverse probability weighting approach for causal mediation analysis
[bookmark: _Hlk526539578][bookmark: _Hlk533702117][bookmark: _Hlk533085937][bookmark: _Hlk533087584][bookmark: _Hlk4049613]The approach for causal mediation analysis was based on a counterfactual framework whereby the total effect (TE) can be decomposed into controlled direct effect (CDE) and portion eliminated (PE) [1–3]. The CDE captured the influence of maternal education on infant (neonatal and postneonatal) mortality if the link between maternal education and the mediator (PTB or SGA) was prevented or removed hypothetically. This simulated a scenario wherein the sample distributions of the mediator were no longer dependent on maternal education. PE, the difference between TE and CDE, measured the portion of the TE of maternal education that would be eliminated by eliminating the mediator. TE and CDE were estimated using inverse-probability-weighted marginal structural models (MSMs) [4]. For the MSM for the TE, we used weighted regressions of infant mortality on maternal education. The weight, which is called the inverse-probability-of-treatment weight (IPTW), was estimated for each mother in the sample as the ratio of (i) the estimated marginal probability of the mother’s actual educational attainment to (ii) the estimated probability of each mother’s actual educational attainment conditional on their aforementioned covariates (excluding maternal smoking, offspring sex, congenital malformation of offspring, PTB, and SGA). The IPTW simulates the scenario wherein these covariates, which could be confounders, are no longer associated with maternal education, thus eliminating any confounding by these covariates. To estimate the CDE, the corresponding MSM used a product of the IPTW for maternal education and an additional inverse-probability-of-mediators weight (IPMW). The IPMW was estimated for each infant in the sample as the ratio of (i) the estimated marginal probability of the infant’s actual PTB and SGA to (ii) the estimated probability of each infant’s actual PTB and SGA conditional on their aforementioned covariates. The IPMW simulates the scenario wherein the mediators (PTB and SGA) are no longer associated with maternal education, thus eliminating any mediation by the mediators. The PE was subsequently estimated from the model for TE offsetting the estimated CDE. We considered possible exposure–mediator and mediator–mediator interactions. As the mediator–mediator interactions in causal mediation analysis with multiple mediators were null, the final models included only exposure–mediator interactions. We estimated mortality rate ratios (MRRs) with their 95% confidence intervals (CIs) based on robust variance estimation. The proportion of the TE eliminated through the 2 mediators, i.e., the proportion eliminated ([MRRTE – MRRCDE]/[MRRTE – 1]), was reported if the MRRs of CDE and PE were in the same direction [1,5]. We first assessed the mediating role of PTB and SGA separately, i.e., one mediator at a time. Then we analyzed PTB and SGA together as a joint mediator, i.e., not separating their individual contributions.
We used causal diagram below to depict how to use inverse-probability-weighted marginal structure model approach to estimate TE, CDE and PE of maternal education on education.
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[bookmark: _Hlk534200202][bookmark: _Hlk8198099]Figure. Directed acyclic graph for the structural causal mediation model of the relationship between the exposure A and the outcome Y 
[bookmark: _Hlk536367588]Let A, M (M1, M2) and Y denote exposure, mediators and outcome, respectively. Let C1 denote a vector of exposure-outcome confounders, and mediator-outcome confounders which are not affected by the exposure. Let C2 denote the vector of mediator-outcome confounders affected by the exposure. 
[bookmark: _Hlk536368197]Step 1: Fit a logistic regression model for exposure and compute inverse-probability-of-treatment weight (IPTW) for total effect.

Then, fit IPTW weighted marginal structural models to estimate total effect (TE) of exposure on outcome. 

 represents the TE of exposure on outcome.

Step 2: Fit logistic regression models for mediators to compute inverse-probability-of-mediator weight (IPMW) and then multiplied by IPTW to compute weight for controlled direct effect (CDE) of exposure on outcome not through mediators M1 and M2.



[bookmark: _Hlk533697068]Then, fit IPTW·IPMW weighted marginal structural models to estimate CDE of exposure on outcome, which allows the possible exposure-mediator and mediator-mediator interactions.



If exposure-mediator and mediator-mediator interactions are towards the null,the CDE can be estimated by  , 
  represents the CDE of exposure on outcome.

In our illustrated DAG, we assume M1 temporally succeeds M2. However, when M2 temporally precedes M1, we still get the same formula for the weight for CDE. It indicates CDE does not depend on the ordering of the mediators when we estimated the combined mediating effect of M1 and M2 on the association between exposure and outcome using weighting approach presented in our study.  

If there is one mediator, the weight IPMW is simplified to 

Step3: The portion eliminated (PE) was subsequently estimated from the model for TE offsetting the estimated CDE. 
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