


Appendix A1: Description of statistical analysis and interpretational heuristics for path coefficients

Statistical analysis
Handling of outliers, non-normality, and missing data
 	Prior to the main structural equation modeling (SEM) analyses, the data were evaluated for outliers, non-normality, and missing data. In 6.6% of participants, some data were missing. Variables with the highest percentage of missing data were level of physical activity (2.0%), incident cardiovascular disease (CVD) (1.8%), and total cholesterol (1.7%).  Missing data bias was explored by creating a missing dummy variable for each variable in the model. The presence of a missing value was scored 1, otherwise individuals were assigned a value of 0. Each dummy variable was correlated with each of the other variables in the model as well as with the covariates age, gender, and education. There were no meaningful correlations observed. Missing data were treated using full information maximum likelihood estimation (FIML) (Enders, 2010). FIML was applied on endogenous variables only as the exogenous variables were treated as fixed. Under such a model, sixteen participants with missing values on the exogenous variable education were excluded from the analysis, resulting in a final study population of 1790 participants. Outliers were explored using standardized df betas for each linear equation implied by the overall model. This used a limited information estimation approach in which each endogenous variable was regressed onto variables with causal paths directly affecting that variable (as dictated by Figure 1) and then examining the standardized df beta for each predictor. An outlier was defined as a case with an absolute standardized df beta larger than 1.0. No outliers were identified. Non-normality was examined via skewness and kurtosis indices for each variable in the model. A few variables showed absolute values larger than 2.0. Therefore, a robust estimator was applied using Huber-White estimation as implemented in the Mplus computer program.
SEM analyses
        The proposed conceptual model
 	The model in Figure 1 was fit to the data.  Because there are dichotomous endogenous variables, a modified linear probability model (MLPM) was fit (with Huber-White robust maximum likelihood estimation). The justification for such modeling as opposed to logit/probit modeling is described in Angrist and Pischke (2008; see also Cheung, 2007). In contrast to logit/probit models, the MLPM permits straightforward analyses of meditational chains because the focus is on conditional means in all parts of the chain. In addition, estimation of marginal effects is simplified relative to non-linear logit/probit modeling. The linear conditional effect distribution of the MLPM is no less arbitrary than the particular non-linear distributions of the probit and logit models (Angrist and Pischke, 2008), so the MLPM is a reasonable starting point for modeling purposes. Analyses were replicated using logistic regression and none of the major conclusions changed. The type I error rate was set at 0.05 for all analyses. SEM analyses were performed using Mplus (version 7).
	The apathy and mood measures each had multiple dichotomous items, which complicate analyses that invoke latent variables with the individual items as indicators (because of assumed normality of the underlying latent variable, which is unrealistic in the current case). The observed total GDS-3A and GDS-12D scores were therefore treated as single indicators of apathy and mood symptoms, respectively. Body mass index (BMI), systolic blood pressure, and total cholesterol were modeled as continuous constructs. Presence of diabetes mellitus (DM), current smoking, and level of physical activity were dichotomous. To account for correlations between cardiovascular risk factors that can be explained by factors other than their common causes of apathy and mood symptoms (e.g. genetics, gender) parameters reflecting correlated errors between all risk factors were introduced into the modeling, although they are not shown in Figure 1 to reduce clutter. The covariates of age, gender, and level of education were used for all endogenous variables since demographic characteristics are known to be related to vascular disease and to apathy and mood symptoms (Rothwell et al., 2005; Clarke et al., 2010; Ligthart et al., 2012; Luppa et al., 2012). Education was reflected by two dummy variables using dummy coding with those with less than 7 years education serving as the reference group. 
 	The model under study is a just-identified model, so traditional global indices of model fit in SEM are irrelevant. The joint significance test was used to test for the presence of mediation of baseline cardiovascular risk factors in the relationship between apathy and mood symptoms with incident CVD. This method has been found to exhibit a good balance of Type I error and statistical power (MacKinnon  et al., 2002). It simultaneously assesses whether the predictors (symptoms of apathy and mood) are associated with the hypothesized mediators (the cardiovascular risk factors) and whether the hypothesized mediators are associated with the outcome (incident CVD). A variable is considered a mediator if both the path from the predictor to the hypothesized mediator and the path from the hypothesized mediator to the outcome are statistically significant. The total effects of apathy and mood symptoms on incident CVD and a decompositional analysis of mediated effects was estimated using standard maximum likelihood methods (an advantage of using the modified linear probability model).
	Specification error and measurement error
 	Several tests for specification error were performed. First, possible non-linear relationships were evaluated through the use of power polynomials focusing on each linear equation implied by the model. In addition, tests using product terms for all possible two way interactions between cardiovascular risk factors were evaluated. 
	The primary results reported in the results section of the manuscript focus on the case where no measurement error is assumed. However, single indicators assume measures have perfect or very high reliability, which often is unrealistic. To account for imperfect reliability in non-dichotomous measures, the model was also tested with single indicator corrections for unreliability developed by Joreskog and Sorbom (1997). This involved treating the single indicators as indicators of latent variables but with constrained error variances to values corresponding to a priori reasonable levels of reliability. The reliability levels for the apathy and mood measures were both set at 0.70 and the reliability levels for the continuous cardiovascular risk factors BMI, systolic blood pressure, and total cholesterol were set at 0.9 since no usable prior estimate of reliability was available.        
	Sensitivity analyses
  	Analysis of SEM models with dichotomous endogenous variables is controversial and each analytic approach to the data introduces different (and potentially debatable) statistical assumptions.  Modeling was approached using a sensitivity framework in which the data were analyzed using different statistical approaches to determine if conclusions were robust across the assumptions made by each approach. Two major sensitivity analyses were performed. First, a logistic regression framework was used treating dichotomous outcomes within the framework of the generalized linear model in conjunction with limited information estimation. Second, the model was re-estimated with probit regression using robust weighted least squares means and variances estimation (WLSMV) in the context of a full information estimation approach. In general, conclusions were robust across analytic methods, with a few exceptions reported in the results section of the manuscript.
	Trimming the model versus left-out-variable-error 
	In the model in Figure 2, non-significant paths were not eliminated/trimmed from the model.  An advantage of this strategy is that it reduces parameter bias that can occur due to left-out-variable-error (LOVE). The disadvantage of not “trimming” is slightly reduced power, but given our large sample size, preference was given to minimize LOVE (Mauro, 1990).  

Interpretational heuristics for path coefficients
	This supplement provides examples for interpreting the unstandardized path coefficients in Figure 2.  Substantive interpretation is somewhat different depending upon whether the predictors and outcomes are continuous or dichotomous variables. In the case of a continuous predictor and continuous outcome: for every unit increase in the predictor, the mean outcome is predicted to increase (for a positive coefficient) or decrease (for a negative coefficient) by the number of units equal to the path coefficient.  For example, for every one unit that apathy symptoms increase on the 0 to 3 metric, the mean systolic blood pressure is predicted to increase by 1.639 units.  In the case of a continuous predictor and a dichotomous outcome: for every unit increase in the predictor, the mean outcome (which is analogous to a proportion of cases or percent of cases when multiplied by 100) is predicted to increase (for a positive coefficient) or decrease (for a negative coefficient) by the number of units equal to the path coefficient.  For example, for every one unit that apathy symptoms increase, the percent of people who are physically inactive is predicted to increase by 12.5%.  In the case of a dichotomous predictor and a dichotomous outcome: the mean outcome (which is analogous to a proportion or percent when multiplied by 100) for the group scoring 1 on the dichotomous predictor variable is higher than the mean for the group scoring 0 by the value of the path coefficient.  For example, the incidence of CVD is predicted to be 3.5% higher for smokers than non-smokers. 
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