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SUPPLEMENTAL FILE 1: CODES AND EQUATIONS FOR STATISTICAL ANALYSIS

CODES AND EQUATIONS FOR STATISTICAL ANALYSIS

MIXED MODEL REPEATED MEASURES (MMRM) ANALYSIS
(a) STATA Code for the MMRM-Analysis
//ERSQ
use "H:\TRACT\emoreg_tract.dta",clear
ren t2_ersq_total t2_emo_total
*mi set wide
cd c:\temp
//keep t*emo_total PPsample_rev Arm_Blind Behandlingsdiagnose Lokation allocation_no t0_panas_neg t0_panas_pos
forvalues g=0/2{ren t`g'_emo_total emo`g'}
mi register imputed bl_info_2 t0_who5 emo*
set seed 120778
mi impute mvn bl_info_2 t0_who5 emo* = i.Null_sessions i.Lokation i.bl_info_4_recoded i.Arm_Blind,  prior(jeffreys) add(100)
mi reshape long emo,i(allocation_no) j(tid)
mi estimate, dots errorok: mixed emo i.Arm_Blind##tid i.Lokation i.Behandlingsdiagnose   ///
		|| allocation_no: , noconstant residuals(unstructured, t(tid)) variance iterate(50)

using ersq_emo,text replace
//P-value for interaction with time
mi test 1.tid#2.Arm_Blind 2.tid#2.Arm_Blind
//Estimerede means
mimrgns i.tid#i.Arm_Blind
log close

log using ersq_emo,text append
//Parametre
mi estimate, dots errorok: mixed emo i.tid i.Arm_Blind#i.tid i.Lokation i.Behandlingsdiagnose   ///
		|| allocation_no: , noconstant residuals(unstructured, t(tid)) variance iterate(50)
log close


log using H:\TRACT\emoreg_tid,text replace
mi test 1.tid 2.tid
log close

(b) Equation for the MMRM analysis
We fitted a mixed-effects model with emo as the outcome. Fixed effects included treatment group (Arm_Blind), time point (tid), their interaction, location (Lokation), and diagnosis (Behandlingsdiagnose). A random intercept was included for each individual (allocation_no). The residual errors were allowed an unstructured covariance matrix across time points. No fixed intercept was included in the model. Variance components were directly estimated. The equation was:
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CROSS LAGGED PANEL MODELING  (CLPM) ANALYSIS
(a) Mplus Codes for all Cross-Lagged Panel Models tested:
Random Intercept Cross-Lagged Panel Model (AR1CL1)
Model:
#Defining the random intercepts
    IO BY O1 - O14@1;
    IE BY E1 - E14@1;
#Defining the latent deviation variables
    fO1 by O1@1; O1@0;
    fO2 by O2@1; O2@0;
    fO3 by O3@1; O3@0;
    fO4 by O4@1; O4@0;
    fO5 by O5@1; O5@0;
    fO6 by O6@1; O6@0;
    fO7 by O7@1; O7@0;
    fO8 by O8@1; O8@0;
    fO9 by O9@1; O9@0;
    fO10 by O10@1; O10@0;
    fO11 by O11@1; O11@0;
    fO12 by O12@1; O12@0;
    fO13 by O13@1; O13@0;
    fO14 by O14@1; O14@0;
    
    fE1 by E1@1; E1@0;
    fE2 by E2@1; E2@0;
    fE3 by E3@1; E3@0;
    fE4 by E4@1; E4@0;
    fE5 by E5@1; E5@0;
    fE6 by E6@1; E6@0;
    fE7 by E7@1; E7@0;
    fE8 by E8@1; E8@0;
    fE9 by E9@1; E9@0;
    fE10 by E10@1; E10@0;
    fE11 by E11@1; E11@0;
    fE12 by E12@1; E12@0;
    fE13 by E13@1; E13@0;
    fE14 by E14@1; E14@0;
#Defining autoregressions  
    fO2 - fO14 pon fO1 - fO13 (arO);        
    fE2 - fE14 pon fE1 - fE13 (arE);
#Defining cross-lagged regressions    
    fO2 - fO14 pon fE1 - fE13 (clEO);
    fE2 - fE14 pon fO1 - fO13 (clOE);
#Contemporaneous residual covariances
    fO1-fO14 pwith fE1 - fE14 (cov);
#Random effect covariances 
    IO with IE;
#Residual variances
    fO1-fO14;
    fE1-fE14;
#Get standardized estimates and confidence intervals
    Output: Stdyx cinterval;


Latent Curve Model with Structured Residuals (AR1CL1)
Same as RI-CLPM, but change the first lines (#Defining the random intercepts) to the following:
#Defining random effects
   IO SO | O1@0 O2@1 O3@2 O4@3 O5@4 O6@5 O7@6 O8@7
    O9@8 O10@9 O11@10 O12@11 O13@12 O14@13;
    IE SE | E1@0 E2@1 E3@2 E4@3 E5@4 E6@5 E7@6 E8@7
    E9@8 E10@9 E11@10 E12@11 E13@12 E14@13;

Moving average models
Add the following code:
#Defining moving average terms
    fO2 - fO14 pon fO1^ - fO13^ (maO);
    fE2 - fE14 pon fE1^ - fE13^ (maE);

AR2 models
Add the following code under “#Defining autoregressions”:
    fO3 - fO14 pon fO1 - fO12 (arO2);        
    fE3 - fE14 pon fE1 – fE12 (arE2);

(b) Equations for Cross-Lagged Panel Models
Random Intercept Cross-Lagged Panel Model (RI-CLPM)
The following set of equations are estimated simultaneously:
Within/Between Separation


Within-Person Effects


Variances and Covariances
Var 
Var 

In these equations,  and  are the observed variables measured at occasions t for individuals i. Each of these variables are separated into 1) a random intercept, /, a latent variable that captures each patient’s mean over all time-points, 2) a latent within-patient deviation variable, /, which captures the time-specific deviation for each patient at each time-point, and 3) a fixed (i.e., constant for all participants) intercept / which is allowed to vary by measurement occasion to capture sample trends over time. All parameters (e.g., α, β, ) are constrained to be equal across time-points.

Random Intercept Moving Average Cross-Lagged Panel Model (RI-ARMA)
This model is the same as the RI-CLPM except for the following part:
Within-Person Effects


The moving average terms  and  are added as additional predictors on the within-person level to allow for more flexible over-time dynamics.

Latent Curve Model with Structured Residuals (LCM-SR)
The LCM-SR is similar to the RI-CLPM except that the between-person structure is modeled as a latent growth curve model:
Within/Between Separation


Between-Person Model


At the between-person level,  and  are random intercepts, and  are random slopes.  contains the numerical value for time at assessment t.  and  are the random effects for the intercept and slope, respectively. 
Variances and Covariances for the Between-Person Level
Var 
This is an unstructured variance-covariance matrix for the random effects, meaning that all variances and covariances are freely estimated from the data.
The within-person model is the same as for the RI-CLPM. While the RI-CLPM estimates fixed (i.e., constant for all participants) intercepts / which are allowed to vary by measurement occasion to capture sample trends over time, the LCM-SR takes a different approach by estimating a growth curve model. This means that the LCM-SR allows for individual trajectories over time at the between-person level, while constraining the trajectory to some pre-specified shape (in this study we used a linear trajectory).

Latent Curve Model with Structured Residuals Autoregressive Moving Average (LCM-SR ARMA)
This model adds the moving average terms to the within-person model in the same way as in the RI-ARMA model (see above).
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