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Supplemental Online Materials (SOM)
SOM Section 1. Additional Details on Measurement Models
In this section, equations are provided to help readers better understand how the models are parameterized. However, the specific models outlined in the main study are not all detailed here. Rather, broad classes of models are presented here to make the general approaches used more apparent. Specifically, the following IRT models are detailed: unidimensional IRT model (with and without conditioning); longitudinal MIRT model; multilevel IRT model (with and without conditioning). All of the models presented in the main study are comprised of slight adaptions to these classes of models. For example, the MTT-LR is a multilevel IRT model that includes latent regression and method factors.
Single-level Single-timepoint IRT Model
Let there be  items and  individuals, where the response from individual i to item p is . It can be assumed that  takes integer values from (). The unidimensional IRT model specifies the conditional probability for the response to item p with Kp categories from individual i. For educational assessments with dichotomously scored (correct/incorrect) items, multiple possible IRT models could be utilized, including the Rasch model, the two-parameter logistic (2PL) model, and the three-parameter logistic (3PL) model that includes a lower asymptote parameter to account for student guessing. In this study, we focus specifically on the 2PL model. Note that an intercept parameterization of the model is used rather than use the difficulty parameterization. Let 
	
	1. 


	be the conditional probability of a correct response, where  is a Bernoulli random variable,  is the latent ability for student i,  is the item intercept, and  is the slope parameter for item p. The conditional probability of an incorrect response is .
Conditioning model
Though not presented in the main study, the conditioning model is first shown here for the unidimensional model for simplicity. In this modeling approach, the latent variable  is allowed to vary as a linear function of person-level covariates using a latent regression model (Adams, Wilson, & Wu, 1997). For example, the latent regression model may be
	
	,
	1. 


where  is a vector of observed background covariates, which may include treatment assignment. We assume that the error term follows a standard normal distribution. 
Longitudinal MIRT Model (LMIRT)
As an alternative to the single-level single-timepoint IRT model, item response data from each timepoint are calibrated simultaneously across the two timepoints. In the MIRT model, the latent trait is now assumed to be a vector across the t=1,…T timepoints. Thus, unlike the simple IRT model, the MIRT approach explicitly accounts for differing latent means and variances by timepoint, as well as over-time correlations in the model. Accounting for the longitudinal nature of the data in this way when scoring can be useful in related analyses, including recovery of true growth parameters when scores are used in a growth model (Kuhfeld & Soland, 2022). As with the unidimensional IRT model, a conditioning model can also be defined for each latent trait. As demonstrated by Paek et al. (2014), the multi-timepoint MIRT model could also be expanded to include a set of residual latent factors to account for the fact that the same item is administered multiple times during data collection (i.e., using method factors). 
Multilevel IRT Models
Consider a multilevel IRT model estimated with two timepoints of data. At the first timepoint, each of the items load on a between-school (level-2) dimension representing school-level differences at pretest and one within-school (level-1) dimension (representing within-school individual differences at pretest). The same items are also administered at the second timepoint and load on the school- and student-level posttest ability. Let there be  items and  individuals nested in a group j, with  groups. Let the response from individual i in group j to item p be , where  has Kp response categories. It can be assumed that  takes integer values from (). Let the vector of item responses from individual i in group j be . The overall sample size is .
In this model, the latent variables for individual i in group j are partitioned into two mutually exclusive parts: , where  is the vector of group-level (level-2) latent variables, and  is the vector of individual-level (level-1) latent variables. Within each of the latent variable vectors  and , latent variables may be correlated, or a bifactor or testlet structure could be specified at each level. As with the single-level IRT models, multilevel IRT models can be expanded to include both a measurement model and a conditioning model (Cai & Hots, 2019).
The model below is an extension of the single- level two-parameter logistic (2PL) model. Let 
	
	1. 


	be the conditional probability of a correct response, where  is a Bernoulli random variable,  is the item intercept, and  and  are conformable vectors of level-1 and level-2 item slopes. This set-up allows for flexibility in terms of the allowing the slopes as well as the number of factors to differ across levels of the model, which allows for testing of cross-level invariance assumptions (Cronbach, 1976; Schweig, 2014). The model represents the response probability of a correct response  as a function of these item parameters and the latent variables. The conditional probability of an incorrect response is .
Conditioning model
Each of the latent variables within  can be modeled as a linear function of person or group covariates using a latent regression model (Adams, Wilson, & Wu, 1997). For example, the latent regression model may be
	
	,
	1. 


where  and  are vectors of level-1 and level-2 observed background covariates. The level-1 latent variables in this model can be regressed on level-1 and level-2 covariates, but the level-2 latent variables are only regressed on level-2 covariates. The equation disturbance terms are normally distributed with zero means and error variance matrices. The error variance matrices may have freely estimable parameters, subject to identification constraints. 
Scoring
Given that multilevel IRT models (including MTT-LR) decompose students’ latent ability at pre- and posttest into two orthogonal components (a) between-school latent mean and (b) within-school deviation from the school mean, we must add up the estimated within- and between latent score estimates together to get the estimate of a student’s overall score at a given timepoint:
	
	
	(5)

	
	

	


Maximum Likelihood Estimation Scoring Approach. After estimating item parameters in the IRT calibration step, analysts then need to decide how to estimate individual scores from the item response data. One widely used approach, particularly in standardized educational assessments, is maximum likelihood estimation (MLE).  Desirable properties of MLE are that it is asymptotically unbiased and that its standard error is related to the information function (Baker, 1992). Drawbacks of MLE, however, include infinite estimates for survey respondents whose response patterns use only the top or bottom category of the Likert scale (in plain terms, those individuals do not receive a score without additional action). To address this limitation, highest possible scale scores (HOSS) and lowest possible scale scores (LOSS) are often pre-defined before scoring for individuals with infinite scores, though the choice of which HOSS/LOSS values to use can be a bit arbitrary and potentially impact score variability. For example, if a survey respondent only uses the top response categories across all the items, his or her score would be undefined. To provide that person with a score, one could simply assign such individuals a score of, say, 3 SDs above the mean. Alternatively, one could simply treat such responses as missing. We examine both options and their implications in the simulation corresponding to Example 1.
Bayesian Scoring Approach. Meanwhile, Bayesian methods such as Expected a Posteriori (EAP) and Maximum a Posteriori (MAP) scoring do not share such limitations. Bayesian methods incorporate information about the population through the specification of prior distribution to approximate the posterior distribution of latent proficiency (Bock & Mislevy, 1982).  Under the Bayesian paradigm, the posterior distribution of the proficiency levels (i.e., θ) is defined as the product of the likelihood function and the prior ability distribution. The mean of the posterior distribution is the proficiency estimate under EAP, whereas the mode of the posterior distribution is the proficiency estimate under MAP (Yen & Fitzpatrick, 2006). The choice of a reasonable prior distribution for the proficiency level is key to Bayesian estimators. The most common prior distribution is the standard normal distribution, N(0, 1), though it is also possible to incorporate covariates information into the prior distribution (we discuss this further in the following example). EAP and MAP scoring approaches are shrinkage estimators that shrink the latent distribution toward the population mean, though the degree of shrinkage depends on the test length and reliability (Thissen & Orlando, 2001). That is, the approach accounts for some uncertainty in the scores by shrinking them to the mean/mode based on the level of uncertainty.




SOM Section 2. Item Parameters and Parameter Recovery


	Table S2(a)
	
	
	
	
	
	

	Generating Item Parameters and Mean Estimated Item Parameters, Items = 5

	Slopes
	
	Param.
	
	Mean Est.
	
	Dif.

	 Item 1
	
	1.800
	
	1.770
	
	0.030

	 Item 2
	
	1.900
	
	1.885
	
	0.015

	 Item 3
	
	2.800
	
	2.763
	
	0.037

	 Item 4
	
	3.300
	
	3.327
	
	-0.027

	 Item 5
	
	2.600
	
	2.618
	
	-0.018

	
	
	
	
	
	
	

	Method Slopes
	
	
	
	
	
	

	 Item 1
	
	1.170
	
	1.197
	
	-0.027

	 Item 2
	
	1.700
	
	1.761
	
	-0.061

	 Item 3
	
	1.900
	
	1.914
	
	-0.014

	 Item 4
	
	1.600
	
	1.692
	
	-0.092

	 Item 5
	
	1.800
	
	1.906
	
	-0.106

	
	
	
	
	
	
	

	Intercepts
	
	
	
	
	
	

	 Item 1
	
	0.345
	
	0.356
	
	-0.011

	 Item 2
	
	3.307
	
	3.303
	
	0.004

	 Item 3
	
	-0.281
	
	-0.246
	
	-0.035

	 Item 4
	
	-0.193
	
	-0.193
	
	0.000

	 Item 5
	 
	-2.706
	 
	-2.812
	 
	0.106

	
	
	
	
	
	
	







	Table S2(b)
	
	
	
	
	
	
	
	
	

	Generating Item Parameters and Mean Estimated Item Parameters, Items = 40

	Slopes
	
	Intercepts

	Param.
	
	Mean Est.
	
	Dif.
	
	Param.
	
	Mean Est.
	
	Dif.

	1.550
	
	1.551
	
	-0.001
	
	3.750
	
	3.776
	
	-0.026

	0.970
	
	0.967
	
	0.003
	
	0.710
	
	0.716
	
	-0.006

	2.360
	
	2.362
	
	-0.002
	
	3.700
	
	3.738
	
	-0.038

	1.340
	
	1.332
	
	0.008
	
	1.030
	
	1.035
	
	-0.005

	1.530
	
	1.520
	
	0.010
	
	0.570
	
	0.584
	
	-0.014

	0.820
	
	0.811
	
	0.009
	
	0.610
	
	0.613
	
	-0.003

	0.360
	
	0.351
	
	0.009
	
	-0.520
	
	-0.523
	
	0.003

	1.930
	
	1.914
	
	0.016
	
	1.880
	
	1.900
	
	-0.020

	2.210
	
	2.193
	
	0.017
	
	-0.570
	
	-0.562
	
	-0.008

	2.010
	
	1.979
	
	0.031
	
	-0.920
	
	-0.924
	
	0.004

	2.380
	
	2.352
	
	0.028
	
	-1.300
	
	-1.291
	
	-0.010

	1.210
	
	1.196
	
	0.014
	
	-0.080
	
	-0.077
	
	-0.003

	2.930
	
	2.917
	
	0.013
	
	-3.780
	
	-3.778
	
	-0.002

	2.130
	
	2.101
	
	0.029
	
	-1.640
	
	-1.633
	
	-0.007

	1.670
	
	1.650
	
	0.020
	
	-2.780
	
	-2.779
	
	-0.001

	0.280
	
	0.278
	
	0.002
	
	-0.260
	
	-0.255
	
	-0.005

	1.460
	
	1.445
	
	0.015
	
	-2.570
	
	-2.562
	
	-0.008

	1.570
	
	1.552
	
	0.018
	
	1.620
	
	1.628
	
	-0.008

	1.260
	
	1.263
	
	-0.003
	
	1.440
	
	1.456
	
	-0.016

	1.070
	
	1.059
	
	0.011
	
	0.630
	
	0.639
	
	-0.009

	1.230
	
	1.208
	
	0.022
	
	0.540
	
	0.535
	
	0.005

	1.970
	
	1.972
	
	-0.002
	
	-0.880
	
	-0.888
	
	0.008

	1.800
	
	1.789
	
	0.011
	
	0.860
	
	0.865
	
	-0.005

	1.610
	
	1.603
	
	0.007
	
	-0.210
	
	-0.203
	
	-0.007

	1.770
	
	1.765
	
	0.005
	
	0.940
	
	0.944
	
	-0.004

	2.140
	
	2.119
	
	0.021
	
	1.150
	
	1.147
	
	0.003

	1.460
	
	1.448
	
	0.012
	
	-1.790
	
	-1.785
	
	-0.005

	1.030
	
	1.020
	
	0.010
	
	-0.300
	
	-0.310
	
	0.010

	2.160
	
	2.114
	
	0.046
	
	-1.630
	
	-1.606
	
	-0.024

	2.690
	
	2.670
	
	0.020
	
	-1.920
	
	-1.913
	
	-0.007

	1.970
	
	1.955
	
	0.015
	
	-0.830
	
	-0.822
	
	-0.008

	2.460
	
	2.432
	
	0.028
	
	-3.650
	
	-3.644
	
	-0.006

	2.640
	
	2.636
	
	0.004
	
	-3.040
	
	-3.060
	
	0.020

	2.330
	
	2.285
	
	0.045
	
	-3.340
	
	-3.314
	
	-0.026

	1.050
	
	1.042
	
	0.008
	
	0.290
	
	0.285
	
	0.005

	1.320
	
	1.305
	
	0.015
	
	1.740
	
	1.744
	
	-0.004

	0.930
	
	0.919
	
	0.011
	
	-0.020
	
	-0.012
	
	-0.008

	0.950
	
	0.940
	
	0.010
	
	-2.000
	
	-2.000
	
	0.000

	1.310
	
	1.302
	
	0.008
	
	-1.150
	
	-1.155
	
	0.005

	2.060
	 
	2.042
	 
	0.018
	 
	-1.120
	 
	-1.112
	 
	-0.008










SOM Section 3. Syntax to Fit Measurement Models (flexMIRT) for Study 1

	Below, flexMIRT code is presented for the IRT models in Study 1. For simplicity, only the code for the five-item condition is included. The code can easily be adapted to the 40-item condition.

Data Generation

//##############################################################
//GROUP 1
//##############################################################

//SLOPE TIME 1 ITEMS
Value G1, (v1),Slope(1),1.80;
Value G1, (v2),Slope(1),1.90;
Value G1, (v3),Slope(1),2.80;
Value G1, (v4),Slope(1),3.30;
Value G1, (v5),Slope(1),2.60;
Value G1, (v6),Slope(1),1.80;
Value G1, (v7),Slope(1),1.90;
Value G1, (v8),Slope(1),2.80;
Value G1, (v9),Slope(1),3.30;
Value G1, (v10),Slope(1),2.60;

//SLOPE TIME 2 ITEMS
Value G1, (v1),Slope(2),0.00;
Value G1, (v2),Slope(2),0.00;
Value G1, (v3),Slope(2),0.00;
Value G1, (v4),Slope(2),0.00;
Value G1, (v5),Slope(2),0.00;
Value G1, (v6),Slope(2),1.80;
Value G1, (v7),Slope(2),1.90;
Value G1, (v8),Slope(2),2.80;
Value G1, (v9),Slope(2),3.30;
Value G1, (v10),Slope(2),2.60;

//METHOD
Value G1, (v1),Slope(3),1.17;
Value G1, (v2),Slope(3),0.00;
Value G1, (v3),Slope(3),0.00;
Value G1, (v4),Slope(3),0.00;
Value G1, (v5),Slope(3),0.00;
Value G1, (v6),Slope(3),1.17;
Value G1, (v7),Slope(3),0.00;
Value G1, (v8),Slope(3),0.00;
Value G1, (v9),Slope(3),0.00;
Value G1, (v10),Slope(3),0.00;

Value G1, (v1),Slope(4),0.00;
Value G1, (v2),Slope(4),1.70;
Value G1, (v3),Slope(4),0.00;
Value G1, (v4),Slope(4),0.00;
Value G1, (v5),Slope(4),0.00;
Value G1, (v6),Slope(4),0.00;
Value G1, (v7),Slope(4),1.70;
Value G1, (v8),Slope(4),0.00;
Value G1, (v9),Slope(4),0.00;
Value G1, (v10),Slope(4),0.00;

Value G1, (v1),Slope(5),0.00;
Value G1, (v2),Slope(5),0.00;
Value G1, (v3),Slope(5),1.90;
Value G1, (v4),Slope(5),0.00;
Value G1, (v5),Slope(5),0.00;
Value G1, (v6),Slope(5),0.00;
Value G1, (v7),Slope(5),0.00;
Value G1, (v8),Slope(5),1.90;
Value G1, (v9),Slope(5),0.00;
Value G1, (v10),Slope(5),0.00;

Value G1, (v1),Slope(6),0.00;
Value G1, (v2),Slope(6),0.00;
Value G1, (v3),Slope(6),0.00;
Value G1, (v4),Slope(6),1.60;
Value G1, (v5),Slope(6),0.00;
Value G1, (v6),Slope(6),0.00;
Value G1, (v7),Slope(6),0.00;
Value G1, (v8),Slope(6),0.00;
Value G1, (v9),Slope(6),1.60;
Value G1, (v10),Slope(6),0.00;

Value G1, (v1),Slope(7),0.00;
Value G1, (v2),Slope(7),0.00;
Value G1, (v3),Slope(7),0.00;
Value G1, (v4),Slope(7),0.00;
Value G1, (v5),Slope(7),1.80;
Value G1, (v6),Slope(7),0.00;
Value G1, (v7),Slope(7),0.00;
Value G1, (v8),Slope(7),0.00;
Value G1, (v9),Slope(7),0.00;
Value G1, (v10),Slope(7),1.80;


//INTERCEPTS
Value G1, (v1),Intercept(1),0.345;
Value G1, (v2),Intercept(1),3.307;
Value G1, (v3),Intercept(1),-0.281;
Value G1, (v4),Intercept(1),-0.193;
Value G1, (v5),Intercept(1),-2.706;
Value G1, (v6),Intercept(1),0.345;
Value G1, (v7),Intercept(1),3.307;
Value G1, (v8),Intercept(1),-0.281;
Value G1, (v9),Intercept(1),-0.193;
Value G1, (v10),Intercept(1),-2.706;


//MEANS AND VARIANCES
Value G1,  Mean(1), 0.0 ;
Value G1,  Mean(2), 0.0 ;
Value G1, Cov(1,1), 1.0 ;
Value G1, Cov(2,2), 0.5 ;
Value G1, Cov(1,2), 0.3 ;


//##############################################################
//GROUP 2
//##############################################################

//SLOPE TIME 1 ITEMS
Value G2, (v1),Slope(1),1.80;
Value G2, (v2),Slope(1),1.90;
Value G2, (v3),Slope(1),2.80;
Value G2, (v4),Slope(1),3.30;
Value G2, (v5),Slope(1),2.60;
Value G2, (v6),Slope(1),1.80;
Value G2, (v7),Slope(1),1.90;
Value G2, (v8),Slope(1),2.80;
Value G2, (v9),Slope(1),3.30;
Value G2, (v10),Slope(1),2.60;

//SLOPE TIME 2 ITEMS
Value G2, (v1),Slope(2),0.00;
Value G2, (v2),Slope(2),0.00;
Value G2, (v3),Slope(2),0.00;
Value G2, (v4),Slope(2),0.00;
Value G2, (v5),Slope(2),0.00;
Value G2, (v6),Slope(2),1.80;
Value G2, (v7),Slope(2),1.90;
Value G2, (v8),Slope(2),2.80;
Value G2, (v9),Slope(2),3.30;
Value G2, (v10),Slope(2),2.60;

//METHOD
Value G2, (v1),Slope(3),1.17;
Value G2, (v2),Slope(3),0.00;
Value G2, (v3),Slope(3),0.00;
Value G2, (v4),Slope(3),0.00;
Value G2, (v5),Slope(3),0.00;
Value G2, (v6),Slope(3),1.17;
Value G2, (v7),Slope(3),0.00;
Value G2, (v8),Slope(3),0.00;
Value G2, (v9),Slope(3),0.00;
Value G2, (v10),Slope(3),0.00;

Value G2, (v1),Slope(4),0.00;
Value G2, (v2),Slope(4),1.70;
Value G2, (v3),Slope(4),0.00;
Value G2, (v4),Slope(4),0.00;
Value G2, (v5),Slope(4),0.00;
Value G2, (v6),Slope(4),0.00;
Value G2, (v7),Slope(4),1.70;
Value G2, (v8),Slope(4),0.00;
Value G2, (v9),Slope(4),0.00;
Value G2, (v10),Slope(4),0.00;

Value G2, (v1),Slope(5),0.00;
Value G2, (v2),Slope(5),0.00;
Value G2, (v3),Slope(5),1.90;
Value G2, (v4),Slope(5),0.00;
Value G2, (v5),Slope(5),0.00;
Value G2, (v6),Slope(5),0.00;
Value G2, (v7),Slope(5),0.00;
Value G2, (v8),Slope(5),1.90;
Value G2, (v9),Slope(5),0.00;
Value G2, (v10),Slope(5),0.00;

Value G2, (v1),Slope(6),0.00;
Value G2, (v2),Slope(6),0.00;
Value G2, (v3),Slope(6),0.00;
Value G2, (v4),Slope(6),1.60;
Value G2, (v5),Slope(6),0.00;
Value G2, (v6),Slope(6),0.00;
Value G2, (v7),Slope(6),0.00;
Value G2, (v8),Slope(6),0.00;
Value G2, (v9),Slope(6),1.60;
Value G2, (v10),Slope(6),0.00;

Value G2, (v1),Slope(7),0.00;
Value G2, (v2),Slope(7),0.00;
Value G2, (v3),Slope(7),0.00;
Value G2, (v4),Slope(7),0.00;
Value G2, (v5),Slope(7),1.80;
Value G2, (v6),Slope(7),0.00;
Value G2, (v7),Slope(7),0.00;
Value G2, (v8),Slope(7),0.00;
Value G2, (v9),Slope(7),0.00;
Value G2, (v10),Slope(7),1.80;


//INTERCEPTS
Value G2, (v1),Intercept(1),0.345;
Value G2, (v2),Intercept(1),3.307;
Value G2, (v3),Intercept(1),-0.281;
Value G2, (v4),Intercept(1),-0.193;
Value G2, (v5),Intercept(1),-2.706;
Value G2, (v6),Intercept(1),0.345;
Value G2, (v7),Intercept(1),3.307;
Value G2, (v8),Intercept(1),-0.281;
Value G2, (v9),Intercept(1),-0.193;
Value G2, (v10),Intercept(1),-2.706;

//MEANS AND VARIANCES
Value G2,  Mean(1), 0.0 ;
Value G2,  Mean(2), 0.2 ;
Value G2, Cov(1,1), 1.0 ;
Value G2, Cov(2,2), 0.5 ;
Value G2, Cov(1,2), 0.3 ;

Unidimensional IRT Model
<Options>
 Mode = Calibration;
 SaveSco = Yes;
  Score = EAP;
  FactorLoadings = Yes;
  SavePRM = Yes;

<Groups>
%G%
 File= "DiDsim.csv";
 Varnames = v1-v5,id,Trt;
 Select = v1-v5;
 //N = 2844;
 Ncats(v1-v5) = 2;
 Model(v1-v5) = Graded(2);
CaseID = id,Trt;

<Constraints>

Multi-timepoint Model without Latent Regression (LMIRT)

<Options>
  Mode = Calibration;
  SaveSco = Yes;
  Score = EAP;
  FactorLoadings = Yes;
  SavePRM = Yes;

  Algorithm = MHRM;
  Processors = 8;
  ProposalStd = 0.198;
  ProposalStd2 = 0.3;
  Stage1 = 2000;
  Stage2 = 1000;
  MCsize = 1000;
  NumDec = 3;
  GOF = Extended;

<Groups>

%G%
  File= "DiDsim.csv";
  Missing = 9;
  Varnames = Pre1-Pre5,Post1-Post5,id,Theta1-Theta7,Trt;
  Select = Pre1-Pre5,Post1-Post5;
  CaseID = id;
  //Cluster = School;


  Ncats( Pre1-Pre5,Post1-Post5 ) = 2;
  Model( Pre1-Pre5,Post1-Post5 ) = Graded(2);
    
  Dimensions = 7;
  //Between = 2;
  Primary = 2;

<Constraints> 

  // Slope constraints
  Fix (Pre1-Pre5,Post1-Post5),Slope;

  Free (Pre1-Pre5),Slope(1);
  Free (Post1-Post5),Slope(2);

   Equal G,(Pre1-Pre5),  Slope(1) : G,(Post1-Post5),  Slope(2) ;

  // Residual factor constraints
  Free (Pre1,Post1), Slope(3);
  Free (Pre2,Post2), Slope(4);
  Free (Pre3,Post3), Slope(5);
  Free (Pre4,Post4), Slope(6);
  Free (Pre5,Post5), Slope(7);

  Equal G, (Pre1), Slope(3): G, (Post1), Slope(3);
  Equal G, (Pre2), Slope(4): G, (Post2), Slope(4);
  Equal G, (Pre3), Slope(5): G, (Post3), Slope(5);
  Equal G, (Pre4), Slope(6): G, (Post4), Slope(6);
  Equal G, (Pre5), Slope(7): G, (Post5), Slope(7);

  // Intercept constraints
  Equal G,(Pre1-Pre5),Intercept: G,(Post1-Post5),Intercept;  
  
  // Free school posttest latent mean
  Free Mean(2);

 // Free between-level var and pretest and posttest cov
  //Free Cov(1,1); // School pre var
  Free Cov(2,2); // School post dev var
  Free Cov(1,2); // Cov(pre, post)
  //Free Cov(3,4); // Cov(pre, post student)

Multi-timepoint Model with Latent Regression (LMIRT-LR)

<Options>
  Mode = Calibration;
  SaveSco = Yes;
  Score = EAP;
  FactorLoadings = Yes;
  SavePRM = Yes;

  Algorithm = MHRM;
  Processors = 8;
  ProposalStd = 0.198;
  ProposalStd2 = 0.3;
  Stage1 = 2000;
  Stage2 = 1000;
  MCsize = 1000;
  NumDec = 3;
  GOF = Extended;

<Groups>

%G%
  File= "DiDsim.csv";
  Missing = 9;
  Varnames = Pre1-Pre5,Post1-Post5,id,Theta1-Theta7,Trt;
  Select = Pre1-Pre5,Post1-Post5;
  CaseID = id,Trt;
  //Cluster = School;

  Covariates = Trt;

  Ncats( Pre1-Pre5,Post1-Post5 ) = 2;
  Model( Pre1-Pre5,Post1-Post5 ) = Graded(2);
    
  Dimensions = 7;
  //Between = 2;
  Primary = 2;

<Constraints> 

  // Slope constraints
  Fix (Pre1-Pre5,Post1-Post5),Slope;

  Free (Pre1-Pre5,post1-post5),Slope(1);
  Free (Post1-Post5),Slope(2);

   Equal G,(Pre1-Pre5),  Slope(1): G,(Post1-Post5),  Slope(1) : G,(Post1-Post5),  Slope(2) ;

  // Residual factor constraints
  Free (Pre1,Post1), Slope(3);
  Free (Pre2,Post2), Slope(4);
  Free (Pre3,Post3), Slope(5);
  Free (Pre4,Post4), Slope(6);
  Free (Pre5,Post5), Slope(7);

  Equal G, (Pre1), Slope(3): G, (Post1), Slope(3);
  Equal G, (Pre2), Slope(4): G, (Post2), Slope(4);
  Equal G, (Pre3), Slope(5): G, (Post3), Slope(5);
  Equal G, (Pre4), Slope(6): G, (Post4), Slope(6);
  Equal G, (Pre5), Slope(7): G, (Post5), Slope(7);

  // Intercept constraints
  Equal G,(Pre1-Pre5),Intercept: G,(Post1-Post5),Intercept;  
  
  // Free school posttest latent mean
  Free Mean(2);

 // Free between-level var and pretest and posttest cov
  //Free Cov(1,1); // School pre var
  Free Cov(2,2); // School post dev var
  Free Cov(1,2); // Cov(pre, post)
  //Free Cov(3,4); // Cov(pre, post student)

  // Free latent regression parameters
  //Free Beta(1,1); // Student pre on T
  Free Beta(2,1); // Student post on T

Longitudinal Multigroup Model (LMIRT-MG)

<Options>
  Mode = Calibration;
  SaveSco = Yes;
  Score = EAP;
  FactorLoadings = Yes;
  SavePRM = Yes;

  Algorithm = MHRM;
  Processors = 8;
  ProposalStd = 0.198;
  ProposalStd2 = 0.3;
  Stage1 = 2000;
  Stage2 = 1000;
  MCsize = 1000;
  NumDec = 3;
  GOF = Extended;

<Groups>

%G1%
  File="DiDsimG1.csv";
  Missing = 9;
  Varnames = Pre1-Pre5,Post1-Post5,id,Theta1-Theta7;
  Select = Pre1-Pre5,Post1-Post5;
  CaseID = id;
  //Cluster = School;

  Ncats( Pre1-Pre5,Post1-Post5 ) = 2;
  Model( Pre1-Pre5,Post1-Post5 ) = Graded(2);
    
  Dimensions = 7;
  //Between = 2;
  Primary = 2;
  
%G2%
  File="DiDsimG2.csv";
  Missing = 9;
  Varnames = Pre1-Pre5,Post1-Post5,id,Theta1-Theta7;
  Select = Pre1-Pre5,Post1-Post5;
  CaseID = id;
  //Cluster = School;

  Ncats( Pre1-Pre5,Post1-Post5 ) = 2;
  Model( Pre1-Pre5,Post1-Post5 ) = Graded(2);
    
  Dimensions = 7;
  //Between = 2;
  Primary = 2;

<Constraints> 

  // Slope constraints
  Fix G1, (Pre1-Pre5,Post1-Post5),Slope:G2, (Pre1-Pre5,Post1-Post5),Slope;

  Free G1, (Pre1-Pre5,post1-post5),Slope(1):G2, (Pre1-Pre5,post1-post5),Slope(1);
  Free G1, (Post1-Post5),Slope(2):G2, (Post1-Post5),Slope(2);

   Equal G1,(Pre1-Pre5),  Slope(1): G1,(Post1-Post5),  Slope(1) : G1,(Post1-Post5),  Slope(2) :
         G2,(Pre1-Pre5),  Slope(1): G2,(Post1-Post5),  Slope(1) : G2,(Post1-Post5),  Slope(2) ;

  // Residual factor constraints
  Free G1, (Pre1,Post1), Slope(3):G2, (Pre1,Post1), Slope(3);
  Free G1, (Pre2,Post2), Slope(4):G2, (Pre2,Post2), Slope(4);
  Free G1, (Pre3,Post3), Slope(5):G2, (Pre3,Post3), Slope(5);
  Free G1, (Pre4,Post4), Slope(6):G2, (Pre4,Post4), Slope(6);
  Free G1, (Pre5,Post5), Slope(7):G2, (Pre5,Post5), Slope(7);

  Equal G1, (Pre1), Slope(3): G1, (Post1), Slope(3): G2, (Pre1), Slope(3): G2, (Post1), Slope(3);
  Equal G1, (Pre2), Slope(4): G1, (Post2), Slope(4): G2, (Pre2), Slope(4): G2, (Post2), Slope(4);
  Equal G1, (Pre3), Slope(5): G1, (Post3), Slope(5): G2, (Pre3), Slope(5): G2, (Post3), Slope(5);
  Equal G1, (Pre4), Slope(6): G1, (Post4), Slope(6): G2, (Pre4), Slope(6): G2, (Post4), Slope(6);
  Equal G1, (Pre5), Slope(7): G1, (Post5), Slope(7): G2, (Pre5), Slope(7): G2, (Post5), Slope(7);

  // Intercept constraints
  Equal G1,(Pre1-Pre5),Intercept: G1,(Post1-Post5),Intercept:G2,(Pre1-Pre5),Intercept: G2,(Post1-Post5),Intercept;  
  
  // Free school posttest latent mean
  Free G1, Mean (2);
  Free G2, Mean (2);

 // Free between-level var and pretest and posttest cov
  //Free Cov(1,1); // School pre var
  Free G1, Cov(2,2); // School post dev var
  Free G1, Cov(1,2); // Cov(pre, post)
 Free G2, Cov(2,2); // School post dev var
  Free G2, Cov(1,2); // Cov(pre, post)


MTT-LR Measurement Model

<Options>
  Mode = Calibration;
  SaveSco = Yes;
  Score = EAP;
  FactorLoadings = Yes;
  SavePRM = Yes;

  Algorithm = MHRM;
  Processors = 8;
  ProposalStd = 0.198;
  ProposalStd2 = 0.3;
  Stage1 = 2000;
  Stage2 = 200;
  MCsize = 1000;
  NumDec = 3;
  GOF = Extended;

<Groups>

%G%
  File= "Study2_G12.csv";
  Missing = 9;
  Varnames = Pre1-Pre5,Post1-Post5,School,ID,Theta1-Theta9,Trt;
  Select = Pre1-Pre5,Post1-Post5;
  CaseID = id;
  Cluster = School;

  Covariates = Trt;
  L2covariates = 1;

  Ncats( Pre1-Pre5,Post1-Post5 ) = 2;
  Model( Pre1-Pre5,Post1-Post5 ) = Graded(2);
    
  Dimensions = 9;
  Between = 2;
  Primary = 4;

<Constraints> 

  // Slope constraints
  Fix (Pre1-Pre5,Post1-Post5),Slope;

  Free (Pre1-Pre5,Post1-Post5),Slope(1);
  Free (Post1-Post5),Slope(2);
  Free (Pre1-Pre5),Slope(3);
  Free (Post1-Post5),Slope(4);

   Equal G,(Pre1-Pre5),  Slope(1):G,(Post1-Post5), Slope(1): 
         G,(Pre1-Pre5),  Slope(3) :
         G,(Post1-Post5),Slope(2): G,(Post1-Post5),Slope(4);

  // Residual factor constraints
  Free (Pre1,Post1), Slope(5);
  Free (Pre2,Post2), Slope(6);
  Free (Pre3,Post3), Slope(7);
  Free (Pre4,Post4), Slope(8);
  Free (Pre5,Post5), Slope(9);

  Equal G, (Pre1), Slope(5): G, (Post1), Slope(5);
  Equal G, (Pre2), Slope(6): G, (Post2), Slope(6);
  Equal G, (Pre3), Slope(7): G, (Post3), Slope(7);
  Equal G, (Pre4), Slope(8): G, (Post4), Slope(8);
  Equal G, (Pre5), Slope(9): G, (Post5), Slope(9);

  // Intercept constraints
  Equal G,(Pre1-Pre5),Intercept: G,(Post1-Post5),Intercept;  
  
  // Free school posttest latent mean
  //Free Mean(1);
  Free Mean(2);

 // Free between-level var and pretest and posttest cov
  Free Cov(1,1); // School pre var
  Free Cov(2,2); // School post dev var
  Free Cov(1,2); // Cov(pre, post)
  Free Cov(3,4); // Cov(pre, post student)

  // Free latent regression parameters
  //Free Beta(1,1); // Student pre on T
  Free Beta(2,1); // Student post on T



SOM Section 4. Syntax to Fit Measurement Models (flexMIRT) for Study 2

	Below, flexMIRT code is presented for the data-generating IRT model in Study 2. For simplicity, only the code for the five-item condition is included. The code can easily be adapted to the 40-item condition.

Data Generation

<Project>
Title = "Simulate Data";
Description = "4 Items Graded Syntax Only";
<Options>
Mode = Simulation;
Rndseed = 74741;
<Groups>

%G1%
File = "Study2_G1.csv";
Varnames = v1-v10;
Dimensions = 9;
  Primary = 4;
  Between = 2;
  N = 5000;
  Nlevel2 = 100;
Model(v1-v10) = Graded(2);

%G2%
File = "Study2_G2.csv";
Varnames = v1-v10;
Dimensions = 9;
  Primary = 4;
  Between = 2;
  N = 5000;
  Nlevel2 = 100;
Model(v1-v10) = Graded(2);


<Constraints>


//##############################################################
//GROUP 1
//##############################################################

//SLOPE TIME 1 ITEMS SCHOOL LEVEL
Value G1, (v1),Slope(1),1.80;
Value G1, (v2),Slope(1),1.90;
Value G1, (v3),Slope(1),2.80;
Value G1, (v4),Slope(1),3.30;
Value G1, (v5),Slope(1),2.60;
Value G1, (v6),Slope(1),1.80;
Value G1, (v7),Slope(1),1.90;
Value G1, (v8),Slope(1),2.80;
Value G1, (v9),Slope(1),3.30;
Value G1, (v10),Slope(1),2.60;

//SLOPE TIME 2 ITEMS SCHOOL LEVEL
Value G1, (v1),Slope(2),0.00;
Value G1, (v2),Slope(2),0.00;
Value G1, (v3),Slope(2),0.00;
Value G1, (v4),Slope(2),0.00;
Value G1, (v5),Slope(2),0.00;
Value G1, (v6),Slope(2),1.80;
Value G1, (v7),Slope(2),1.90;
Value G1, (v8),Slope(2),2.80;
Value G1, (v9),Slope(2),3.30;
Value G1, (v10),Slope(2),2.60;

//SLOPE TIME 1 ITEMS STUDENT LEVEL
Value G1, (v1),Slope(3),1.80;
Value G1, (v2),Slope(3),1.90;
Value G1, (v3),Slope(3),2.80;
Value G1, (v4),Slope(3),3.30;
Value G1, (v5),Slope(3),2.60;
Value G1, (v6),Slope(3),0.00;
Value G1, (v7),Slope(3),0.00;
Value G1, (v8),Slope(3),0.00;
Value G1, (v9),Slope(3),0.00;
Value G1, (v10),Slope(3),0.00;

//SLOPE TIME 2 ITEMS STUDENT LEVEL
Value G1, (v1),Slope(4),0.00;
Value G1, (v2),Slope(4),0.00;
Value G1, (v3),Slope(4),0.00;
Value G1, (v4),Slope(4),0.00;
Value G1, (v5),Slope(4),0.00;
Value G1, (v6),Slope(4),1.80;
Value G1, (v7),Slope(4),1.90;
Value G1, (v8),Slope(4),2.80;
Value G1, (v9),Slope(4),3.30;
Value G1, (v10),Slope(4),2.60;

//METHOD
Value G1, (v1),Slope(5),1.17;
Value G1, (v2),Slope(5),0.00;
Value G1, (v3),Slope(5),0.00;
Value G1, (v4),Slope(5),0.00;
Value G1, (v5),Slope(5),0.00;
Value G1, (v6),Slope(5),1.17;
Value G1, (v7),Slope(5),0.00;
Value G1, (v8),Slope(5),0.00;
Value G1, (v9),Slope(5),0.00;
Value G1, (v10),Slope(5),0.00;

Value G1, (v1),Slope(6),0.00;
Value G1, (v2),Slope(6),1.70;
Value G1, (v3),Slope(6),0.00;
Value G1, (v4),Slope(6),0.00;
Value G1, (v5),Slope(6),0.00;
Value G1, (v6),Slope(6),0.00;
Value G1, (v7),Slope(6),1.70;
Value G1, (v8),Slope(6),0.00;
Value G1, (v9),Slope(6),0.00;
Value G1, (v10),Slope(6),0.00;

Value G1, (v1),Slope(7),0.00;
Value G1, (v2),Slope(7),0.00;
Value G1, (v3),Slope(7),1.90;
Value G1, (v4),Slope(7),0.00;
Value G1, (v5),Slope(7),0.00;
Value G1, (v6),Slope(7),0.00;
Value G1, (v7),Slope(7),0.00;
Value G1, (v8),Slope(7),1.90;
Value G1, (v9),Slope(7),0.00;
Value G1, (v10),Slope(7),0.00;

Value G1, (v1),Slope(8),0.00;
Value G1, (v2),Slope(8),0.00;
Value G1, (v3),Slope(8),0.00;
Value G1, (v4),Slope(8),1.60;
Value G1, (v5),Slope(8),0.00;
Value G1, (v6),Slope(8),0.00;
Value G1, (v7),Slope(8),0.00;
Value G1, (v8),Slope(8),0.00;
Value G1, (v9),Slope(8),1.60;
Value G1, (v10),Slope(8),0.00;

Value G1, (v1),Slope(9),0.00;
Value G1, (v2),Slope(9),0.00;
Value G1, (v3),Slope(9),0.00;
Value G1, (v4),Slope(9),0.00;
Value G1, (v5),Slope(9),1.80;
Value G1, (v6),Slope(9),0.00;
Value G1, (v7),Slope(9),0.00;
Value G1, (v8),Slope(9),0.00;
Value G1, (v9),Slope(9),0.00;
Value G1, (v10),Slope(9),1.80;


//INTERCEPTS
Value G1, (v1),Intercept(1),0.345;
Value G1, (v2),Intercept(1),3.307;
Value G1, (v3),Intercept(1),-0.281;
Value G1, (v4),Intercept(1),-0.193;
Value G1, (v5),Intercept(1),-2.706;
Value G1, (v6),Intercept(1),0.345;
Value G1, (v7),Intercept(1),3.307;
Value G1, (v8),Intercept(1),-0.281;
Value G1, (v9),Intercept(1),-0.193;
Value G1, (v10),Intercept(1),-2.706;


//MEANS AND VARIANCES
Value G1,  Mean(1), 0.0 ;
Value G1,  Mean(2), 0.0 ;

Value G1, Cov(1,1), 0.5 ;
Value G1, Cov(2,2), 0.4 ;
Value G1, Cov(1,2), 0.2 ;

Value G1, Cov(3,4), 0.3 ;



//##############################################################
//GROUP 2
//##############################################################

//SLOPE TIME 1 ITEMS SCHOOLS
Value G2, (v1),Slope(1),1.80;
Value G2, (v2),Slope(1),1.90;
Value G2, (v3),Slope(1),2.80;
Value G2, (v4),Slope(1),3.30;
Value G2, (v5),Slope(1),2.60;
Value G2, (v6),Slope(1),1.80;
Value G2, (v7),Slope(1),1.90;
Value G2, (v8),Slope(1),2.80;
Value G2, (v9),Slope(1),3.30;
Value G2, (v10),Slope(1),2.60;

//SLOPE TIME 2 ITEMS SCHOOLS
Value G2, (v1),Slope(2),0.00;
Value G2, (v2),Slope(2),0.00;
Value G2, (v3),Slope(2),0.00;
Value G2, (v4),Slope(2),0.00;
Value G2, (v5),Slope(2),0.00;
Value G2, (v6),Slope(2),1.80;
Value G2, (v7),Slope(2),1.90;
Value G2, (v8),Slope(2),2.80;
Value G2, (v9),Slope(2),3.30;
Value G2, (v10),Slope(2),2.60;

//SLOPE TIME 1 ITEMS STUDENTS
Value G2, (v1),Slope(3),1.80;
Value G2, (v2),Slope(3),1.90;
Value G2, (v3),Slope(3),2.80;
Value G2, (v4),Slope(3),3.30;
Value G2, (v5),Slope(3),2.60;
Value G2, (v6),Slope(3),0.00;
Value G2, (v7),Slope(3),0.00;
Value G2, (v8),Slope(3),0.00;
Value G2, (v9),Slope(3),0.00;
Value G2, (v10),Slope(3),0.00;

//SLOPE TIME 2 ITEMS STUDENTS
Value G2, (v1),Slope(4),0.00;
Value G2, (v2),Slope(4),0.00;
Value G2, (v3),Slope(4),0.00;
Value G2, (v4),Slope(4),0.00;
Value G2, (v5),Slope(4),0.00;
Value G2, (v6),Slope(4),1.80;
Value G2, (v7),Slope(4),1.90;
Value G2, (v8),Slope(4),2.80;
Value G2, (v9),Slope(4),3.30;
Value G2, (v10),Slope(4),2.60;

//METHOD
Value G2, (v1),Slope(5),1.17;
Value G2, (v2),Slope(5),0.00;
Value G2, (v3),Slope(5),0.00;
Value G2, (v4),Slope(5),0.00;
Value G2, (v5),Slope(5),0.00;
Value G2, (v6),Slope(5),1.17;
Value G2, (v7),Slope(5),0.00;
Value G2, (v8),Slope(5),0.00;
Value G2, (v9),Slope(5),0.00;
Value G2, (v10),Slope(5),0.00;

Value G2, (v1),Slope(6),0.00;
Value G2, (v2),Slope(6),1.70;
Value G2, (v3),Slope(6),0.00;
Value G2, (v4),Slope(6),0.00;
Value G2, (v5),Slope(6),0.00;
Value G2, (v6),Slope(6),0.00;
Value G2, (v7),Slope(6),1.70;
Value G2, (v8),Slope(6),0.00;
Value G2, (v9),Slope(6),0.00;
Value G2, (v10),Slope(6),0.00;

Value G2, (v1),Slope(7),0.00;
Value G2, (v2),Slope(7),0.00;
Value G2, (v3),Slope(7),1.90;
Value G2, (v4),Slope(7),0.00;
Value G2, (v5),Slope(7),0.00;
Value G2, (v6),Slope(7),0.00;
Value G2, (v7),Slope(7),0.00;
Value G2, (v8),Slope(7),1.90;
Value G2, (v9),Slope(7),0.00;
Value G2, (v10),Slope(7),0.00;

Value G2, (v1),Slope(8),0.00;
Value G2, (v2),Slope(8),0.00;
Value G2, (v3),Slope(8),0.00;
Value G2, (v4),Slope(8),1.60;
Value G2, (v5),Slope(8),0.00;
Value G2, (v6),Slope(8),0.00;
Value G2, (v7),Slope(8),0.00;
Value G2, (v8),Slope(8),0.00;
Value G2, (v9),Slope(8),1.60;
Value G2, (v10),Slope(8),0.00;

Value G2, (v1),Slope(9),0.00;
Value G2, (v2),Slope(9),0.00;
Value G2, (v3),Slope(9),0.00;
Value G2, (v4),Slope(9),0.00;
Value G2, (v5),Slope(9),1.80;
Value G2, (v6),Slope(9),0.00;
Value G2, (v7),Slope(9),0.00;
Value G2, (v8),Slope(9),0.00;
Value G2, (v9),Slope(9),0.00;
Value G2, (v10),Slope(9),1.80;


//INTERCEPTS
Value G2, (v1),Intercept(1),0.345;
Value G2, (v2),Intercept(1),3.307;
Value G2, (v3),Intercept(1),-0.281;
Value G2, (v4),Intercept(1),-0.193;
Value G2, (v5),Intercept(1),-2.706;
Value G2, (v6),Intercept(1),0.345;
Value G2, (v7),Intercept(1),3.307;
Value G2, (v8),Intercept(1),-0.281;
Value G2, (v9),Intercept(1),-0.193;
Value G2, (v10),Intercept(1),-2.706;

//MEANS AND VARIANCES
Value G2,  Mean(1), 0.0 ;
Value G2,  Mean(2), 0.2 ;

Value G2, Cov(1,1), 0.5 ;
Value G2, Cov(2,2), 0.4 ;
Value G2, Cov(1,2), 0.2 ;

Value G2, Cov(3,4), 0.3 ;


Estimate Data-generating Model

<Project>
Title = "DiD";

<Options>
  Mode = Calibration;
  SaveSco = Yes;
  Score = EAP;
  FactorLoadings = Yes;
  SavePRM = Yes;

  Algorithm = MHRM;
  Processors = 8;
  ProposalStd = 0.198;
  ProposalStd2 = 0.3;
  Stage1 = 2000;
  Stage2 = 1000;
  MCsize = 1000;
  NumDec = 3;
  GOF = Extended;

<Groups>

%G1%
  File="Study2_G1.csv";
  Missing = 9;
  Varnames = Pre1-Pre5,Post1-Post5,School,id,Theta1-Theta9,Trt;
  Select = Pre1-Pre5,Post1-Post5;
  CaseID = id;
  //Cluster = School;

  Ncats( Pre1-Pre5,Post1-Post5 ) = 2;
  Model( Pre1-Pre5,Post1-Post5 ) = Graded(2);
    
  Dimensions = 7;
  //Between = 2;
  Primary = 2;
  
%G2%
  File="Study2_G2.csv";
  Missing = 9;
  Varnames = Pre1-Pre5,Post1-Post5,School,id,Theta1-Theta9,Trt;
  Select = Pre1-Pre5,Post1-Post5;
  CaseID = id;
  //Cluster = School;

  Ncats( Pre1-Pre5,Post1-Post5 ) = 2;
  Model( Pre1-Pre5,Post1-Post5 ) = Graded(2);
    
  Dimensions = 7;
  //Between = 2;
  Primary = 2;

<Constraints> 

  // Slope constraints
  Fix G1, (Pre1-Pre5,Post1-Post5),Slope:G2, (Pre1-Pre5,Post1-Post5),Slope;

  Free G1, (Pre1-Pre5,post1-post5),Slope(1):G2, (Pre1-Pre5,post1-post5),Slope(1);
  Free G1, (Post1-Post5),Slope(2):G2, (Post1-Post5),Slope(2);

   Equal G1,(Pre1-Pre5),  Slope(1): G1,(Post1-Post5),  Slope(1) : G1,(Post1-Post5),  Slope(2) :
         G2,(Pre1-Pre5),  Slope(1): G2,(Post1-Post5),  Slope(1) : G2,(Post1-Post5),  Slope(2) ;

  // Residual factor constraints
  Free G1, (Pre1,Post1), Slope(3):G2, (Pre1,Post1), Slope(3);
  Free G1, (Pre2,Post2), Slope(4):G2, (Pre2,Post2), Slope(4);
  Free G1, (Pre3,Post3), Slope(5):G2, (Pre3,Post3), Slope(5);
  Free G1, (Pre4,Post4), Slope(6):G2, (Pre4,Post4), Slope(6);
  Free G1, (Pre5,Post5), Slope(7):G2, (Pre5,Post5), Slope(7);

  Equal G1, (Pre1), Slope(3): G1, (Post1), Slope(3): G2, (Pre1), Slope(3): G2, (Post1), Slope(3);
  Equal G1, (Pre2), Slope(4): G1, (Post2), Slope(4): G2, (Pre2), Slope(4): G2, (Post2), Slope(4);
  Equal G1, (Pre3), Slope(5): G1, (Post3), Slope(5): G2, (Pre3), Slope(5): G2, (Post3), Slope(5);
  Equal G1, (Pre4), Slope(6): G1, (Post4), Slope(6): G2, (Pre4), Slope(6): G2, (Post4), Slope(6);
  Equal G1, (Pre5), Slope(7): G1, (Post5), Slope(7): G2, (Pre5), Slope(7): G2, (Post5), Slope(7);

  // Intercept constraints
  Equal G1,(Pre1-Pre5),Intercept: G1,(Post1-Post5),Intercept:G2,(Pre1-Pre5),Intercept: G2,(Post1-Post5),Intercept;  
  
  // Free school posttest latent mean
  Free G1, Mean (2);
  Free G2, Mean (2);

 // Free between-level var and pretest and posttest cov
  //Free Cov(1,1); // School pre var
  Free G1, Cov(2,2); // School post dev var
  Free G1, Cov(1,2); // Cov(pre, post)
 Free G2, Cov(2,2); // School post dev var
  Free G2, Cov(1,2); // Cov(pre, post)
