Supplemental Materials Section 1: Details on IRT Models
Motivating Example 1 - Scoring Individuals at One Timepoint
Unidimensional IRT models
For Likert-type items, item calibration and scoring can be accomplished using the graded response model (GRM; Samejima, 1969).  Let there be  items and  individuals. Let the response from individual i to item j be where  has K response categories. It can be assumed that  takes integer values from (). Let the cumulative category response probabilities be
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The category response probability is the difference between two adjacent cumulative probabilities
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where  is equal to 1 and  is zero. The item parameter  is the slope parameter describing the relationship between item j and the latent factor  and  are a set of  (strictly ordered) intercept parameters.  
In the unidimensional case, the logit in Equation 1 can be re-expressed in a more convenient slope-threshold form as , where  is the threshold (also referred to as severity or difficulty) parameter for category . The th threshold denotes the point on the latent variable separating category  from category . However, the slope-threshold form does not generalize well to multidimensional models, so the slope–intercept parameterization is adopted for all remaining IRT models presented.
We use the unidimensional IRT model for our second and third motivating example as well, with the only difference between the two conditions being which sample is used for calibration. Therefore, we do not repeat the unidimensional model formulation again below. 
Example 2. Calibration and Scoring with Multiple Groups at One Timepoint
Multigroup IRT
In a multigroup IRT model, we assume there are two or more independent groups. Let there be  groups. Let the response from individual i in group g to item j be where  and let the cumulative category response probabilities be

	
	
	

	
	
	(3) 

	
	
	


Typically, we assume measurement invariance in multigroup models (which can be tested empirically using differential item functioning [DIF] procedures), so the item parameters are fixed equal across groups and the latent mean and variance of one group is freely estimated relative to the other. 
Unidimensional IRT with Latent Regression
We can expand upon the unidimensional IRT model shown in Equation 1 by allowing a conditioning model to be jointly estimated with the measurement model.  we allow our latent variable  to vary as a linear function of individual or group-level covariates using a latent regression model (Adams, Wilson, & Wu, 1997). For example, the latent regression model may be
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where  is a vector of observed background covariates. We assume that the error term follows a standard normal distribution. That is to say, while groups may have different means, the latent variance does not vary based on group status or other covariates. 
Example 3. Calibration and Scoring with Multiple Groups at Multiple Timepoints 
Multidimensional IRT
One can also use a multidimensional IRT (MIRT) model to estimate scores at both time 1 and time 2. Item response data from each timepoint are combined and calibrated simultaneously across the two timepoints using a multidimensional extension of the GRM. If students are drawn from multiple groups, this model pools the groups together and assumes they are drawn from the same population. In the multiple timepoint example, we now define the response from individual i to item j at timepoint t (t=,1…,T) as  Let the cumulative category response probabilities be
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As with the unidimensional model, the category response probability is the difference between two adjacent cumulative probabilities. The difference between the unidimensional and multidimensional GRM is that  is now a T×1 vector of latent traits and  a vector of slope parameters for item j (in most RCTs, T = 2).  In our example, all time-1 items load on the first latent variable and all time-2 items load on the second latent variable and no cross-loadings are estimated. We assume that full measurement invariance holds (e.g., the discrimination and intercept parameters for repeated items are constrained equal across timepoints), though this can be relaxed if needed. Typically, in a two timepoint context, the latent mean and SD are fixed at the first timepoint and freed in the second timepoint, and a covariance between the two latent factors is freely estimated. While this model can also be estimated as a two-tier model with item-level residuals that account for the same item being administered across timepoints (see Paek et al., 2014), prior research on multi-timepoint IRT models have found the inclusion of these residual factors do not typically impact score estimates (Kuhfeld & Soland, 2020).
Longitudinal Multi-group MIRT Model
One could further expand the MIRT model to fit a longitudinal multi-group MIRT model (LM-MIRT), with differing parameter estimates for control versus treatment groups and by timepoint.  Such a model would allow one to relax assumptions including measurement invariance before and after treatment, measurement invariance across groups, and equality of the latent means and variances across groups.  In the multiple timepoint multiple group example, we now define the response from individual i in group g to item j at timepoint t as  Let the cumulative category response probabilities be
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In this model, the item intercepts  and discrimination parameters  are allowed to vary across groups or can be constrained equal to assume measurement invariance across the treatment and control groups. Additionally, the latent means and variances for one group can be freely estimated in reference to the other group at each timepoint.


Supplemental Materials Section 2(a): Annotated flexMIRT code
Motivating Example 1 Code:
Simulation:
<Project>
  Title = "Simulate Data (Motivating Example 1 - Timepoints=1 Groups=1)";
  Description = "4 Items Graded Syntax Only";

<Options>
  Mode = Simulation; \\ simulation mode
  Rndseed = 7474;

<Groups>
%G1%
  File = "simG1_r1.csv";    // Data file
  Dimensions = 1;           // Number of latent dimensions
  Varnames = v1-v4;         // Variables names (4 likert-type items)
  N = 1000;                 // Sample size
  Ncats(v1-v4) = 5;         // All items have 5 response categories
  Model(v1-v4) = Graded(5); // Estimated a Graded Response Model (GRM) 

<Constraints>
//SLOPE TIME 1 ITEMS
Value G1, (v1),Slope(1),0.75;
Value G1, (v2),Slope(1),1.30;
Value G1, (v3),Slope(1),1.80;
Value G1, (v4),Slope(1),1.65;

//INTERCEPT ITEM 1
Value G1, (v1),Intercept(1),2.13;
Value G1, (v1),Intercept(2),0.37;
Value G1, (v1),Intercept(3),-0.86;
Value G1, (v1),Intercept(4),-1.88;

//INTERCEPT ITEM 2
Value G1, (v2),Intercept(1),2.67;
Value G1, (v2),Intercept(2),1.33;
Value G1, (v2),Intercept(3),0.31;
Value G1, (v2),Intercept(4),-0.67;

//INTERCEPT ITEM 3
Value G1, (v3),Intercept(1),3.57;
Value G1, (v3),Intercept(2),1.70;
Value G1, (v3),Intercept(3),0.07;
Value G1, (v3),Intercept(4),-1.90;

//INTERCEPT ITEM 4
Value G1, (v4),Intercept(1),3.77;
Value G1, (v4),Intercept(2),2.32;
Value G1, (v4),Intercept(3),1.09;
Value G1, (v4),Intercept(4),-0.31;

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

Calibration (Unidimensional IRT):
<Project>
  Title = "Calibrate GRM model (Motivating Example 1 - Timepoints=1 Groups=1)";
  Description = "Unidimensional IRT model for four items";

<Options>
  Mode = Calibration;   // IRT Calibration
  SavePRM = Yes;        // Save out parameter estimates as separate file
  SaveSCO = YES;        // conduct scoring
  Score = EAP;          // save out EAP scores
  FactorLoadings = Yes; // print item slopes also as factor loadings

<Groups>
%G1%
  File = "simG1_r1.csv";    // Data file
  Missing = -9;             // Missing data code
  Dimensions = 1;           // Number of latent dimensions
  Varnames = v1-v4;         // Variables names (4 likert-type items)
  Ncats(v1-v4) = 5;         // All items have 5 response categories
  Model(v1-v4) = Graded(5); // Estimated a Graded Response Model (GRM) 

<Constraints>

ML scoring:
<Project>
  Title = "Score GRM model (Motivating Example 1 - Timepoints=1 Groups=1)";
  Description = "ML scoring";

<Options>
  Mode = Scoring;                   // Scoring (not calibrating item parameters)
  SaveSCO = YES;                    // Save scores out
  Score = ML;                       // Maximum likelihood (ML) scoring
  ReadPRMFile="Four-item-prm.txt";  // Parameter file to be used for scoring
  MaxMLscore = 4;                   // Highest Obtainable Scale Score (HOSS)
  MinMLscore = -4;                  // Lowest Obtainable Scale Score (LOSS)

<Groups>
%G1%
  File = "simG1_r1.csv";    // Data file
  Missing = -9;             // Missing data code
  Dimensions = 1;           // Number of latent dimensions
  Varnames = v1-v4;         // Variables names (4 likert-type items)
  Ncats(v1-v4) = 5;         // All items have 5 response categories
  Model(v1-v4) = Graded(5); // Estimated a Graded Response Model (GRM) for five response categories
<Constraints>

Motivating Example 2 Code:
Simulation:
<Project>
  Title = "Simulate Data (Motivating Example 2 - Timepoints=1 Groups=2)";
  Description = "4 Items Graded Syntax Only";

<Options>
  Mode = Simulation; // simulation mode
  Rndseed = 5932;    // Random seed for data generation

<Groups>
%G1%
  File = "sim_r1_G1.csv";   // Data file
  Dimensions = 1;           // Number of latent dimensions
  Varnames = v1-v4;         // Variables names (4 likert-type items)
  N = 1000;                 // Sample size
  Ncats(v1-v4) = 5;         // All items have 5 response categories
  Model(v1-v4) = Graded(5); // Estimated a Graded Response Model (GRM) 

%G2%
  File = "sim_r1_G2.csv";   // Data file
  Dimensions = 1;           // Number of latent dimensions
  Varnames = v1-v4;         // Variables names (4 likert-type items)
  N = 1000;                 // Sample size
  Ncats(v1-v4) = 5;         // All items have 5 response categories
  Model(v1-v4) = Graded(5); // Estimated a Graded Response Model (GRM) 

<Constraints>
//##############################################################
//GROUP 1
//##############################################################

//SLOPE TIME 1 ITEMS
Value G1, (v1),Slope(1),0.75;
Value G1, (v2),Slope(1),1.30;
Value G1, (v3),Slope(1),1.80;
Value G1, (v4),Slope(1),1.65;

//INTERCEPT ITEM 1
Value G1, (v1),Intercept(1),2.13;
Value G1, (v1),Intercept(2),0.37;
Value G1, (v1),Intercept(3),-0.86;
Value G1, (v1),Intercept(4),-1.88;

//INTERCEPT ITEM 2
Value G1, (v2),Intercept(1),2.67;
Value G1, (v2),Intercept(2),1.33;
Value G1, (v2),Intercept(3),0.31;
Value G1, (v2),Intercept(4),-0.67;

//INTERCEPT ITEM 3
Value G1, (v3),Intercept(1),3.57;
Value G1, (v3),Intercept(2),1.70;
Value G1, (v3),Intercept(3),0.07;
Value G1, (v3),Intercept(4),-1.90;

//INTERCEPT ITEM 4
Value G1, (v4),Intercept(1),3.77;
Value G1, (v4),Intercept(2),2.32;
Value G1, (v4),Intercept(3),1.09;
Value G1, (v4),Intercept(4),-0.31;

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

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

///SLOPE TIME 1 ITEMS
Value G2, (v1),Slope(1),0.75;
Value G2, (v2),Slope(1),1.30;
Value G2, (v3),Slope(1),1.80;
Value G2, (v4),Slope(1),1.65;

//INTERCEPT ITEM 1
Value G2, (v1),Intercept(1),2.13;
Value G2, (v1),Intercept(2),0.37;
Value G2, (v1),Intercept(3),-0.86;
Value G2, (v1),Intercept(4),-1.88;

//INTERCEPT ITEM 2
Value G2, (v2),Intercept(1),2.67;
Value G2, (v2),Intercept(2),1.33;
Value G2, (v2),Intercept(3),0.31;
Value G2, (v2),Intercept(4),-0.67;

//INTERCEPT ITEM 3
Value G2, (v3),Intercept(1),3.57;
Value G2, (v3),Intercept(2),1.70;
Value G2, (v3),Intercept(3),0.07;
Value G2, (v3),Intercept(4),-1.90;

//INTERCEPT ITEM 4
Value G2, (v4),Intercept(1),3.77;
Value G2, (v4),Intercept(2),2.32;
Value G2, (v4),Intercept(3),1.09;
Value G2, (v4),Intercept(4),-0.31;


//MEANS AND VARIANCES
Value G2,  Mean(1), 0.1 ;
Value G2, Cov(1,1), 1 ;

Calibration (Preferred model: Multigroup IRT):
<Project>
  Title = "Calibrate GRM model (Motivating Example 2 - Timepoints=1 Groups=2)";
  Description = "Multigroup - Unidimensional IRT model for four items";

<Options>
  Mode = Calibration;   // IRT Calibration
  SavePRM = Yes;        // Save out parameter estimates as separate file
  SaveSCO = YES;        // conduct scoring
  Score = EAP;          // save out EAP scores
  FactorLoadings = Yes; // print item slopes also as factor loadings

<Groups>
%G1%                        // GROUP 1 - SETTINGS
  File = "sim_r1_G1.csv";   // Data file
  Missing = -9;             // Missing data code
  Dimensions = 1;           // Number of latent dimensions
  Varnames = v1-v4;         // Variables names in data file (4 likert-type items)
  Ncats(v1-v4) = 5;         // All items have 5 response categories
  Model(v1-v4) = Graded(5); // Estimated a Graded Response Model (GRM) for five response categories

%G2%                        // GROUP 2 - SETTINGS
  File = "sim_r1_G2.csv";   // Data file
  Missing = -9;             // Missing data code
  Dimensions = 1;           // Number of latent dimensions
  Varnames = v1-v4;         // Variables names in data file (4 likert-type items)
  Ncats(v1-v4) = 5;         // All items have 5 response categories
  Model(v1-v4) = Graded(5); // Estimated a Graded Response Model (GRM) for five response categories

<Constraints>

//Equality Constraints (assume full measurement invariance for slopes)
  Equal G1,(v1-v4),Slope(1) : G2,(v1-v4),Slope(1);

//Equality Constraints (assume full measurement invariance for each item intercept
  Equal G1,(v1-v4),intercept(1) : G2,(v1-v4),intercept(1); 
  Equal G1,(v1-v4),intercept(2) : G2,(v1-v4),intercept(2);
  Equal G1,(v1-v4),intercept(3) : G2,(v1-v4),intercept(3);
  Equal G1,(v1-v4),intercept(4) : G2,(v1-v4),intercept(4); 

// G1 Distributional Constraints (G1 M/Var is fixed, G2 M/Var is freed)
  Free G2, Mean(1);
  Free G2, Cov(1,1);

Motivating Example 3 Code:
Simulation:
<Project>
  Title = "Simulate Data (Motivating Example 3 - Timepoints=2 Groups=2)";
  Description = "4 Items Graded Syntax Only";

<Options>
  Mode = Simulation; // simulation mode
  Rndseed = 29399;    // Random seed for data generation

<Groups>
%G1%
  File = "sim_r1t2_G1.csv";   // Data file
  Dimensions = 2;           // Number of latent dimensions
  Varnames = v1-v8;         // Variables names (4 items at two timepoints)
  N = 1000;                 // Sample size
  Ncats(v1-v8) = 5;         // All items have 5 response categories
  Model(v1-v8) = Graded(5); // Estimated a Graded Response Model (GRM) 

%G2%
  File = "sim_r1t2_G2.csv";   // Data file
  Dimensions = 2;           // Number of latent dimensions
  Varnames = v1-v8;         // Variables names (4 items at two timepoints)
  N = 1000;                 // Sample size
  Ncats(v1-v8) = 5;         // All items have 5 response categories
  Model(v1-v8) = Graded(5); // Estimated a Graded Response Model (GRM) 

<Constraints>

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

//SLOPE TIME 1 ITEMS AT TIME 1
Value G1, (v1),Slope(1),0.75;
Value G1, (v2),Slope(1),1.30;
Value G1, (v3),Slope(1),1.80;
Value G1, (v4),Slope(1),1.65;


//SLOPE TIME 1 ITEMS AT TIME 2
Value G1, (v1),Slope(2),0.0;
Value G1, (v2),Slope(2),0.0;
Value G1, (v3),Slope(2),0.0;
Value G1, (v4),Slope(2),0.0;

//SLOPE TIME 2 ITEMS AT TIME 1
Value G1, (v5),Slope(1),0.0;
Value G1, (v6),Slope(1),0.0;
Value G1, (v7),Slope(1),0.0;
Value G1, (v8),Slope(1),0.0;

//SLOPE TIME 2 ITEMS AT TIME 2
Value G1, (v5),Slope(2),0.75;
Value G1, (v6),Slope(2),1.30;
Value G1, (v7),Slope(2),1.80;
Value G1, (v8),Slope(2),1.65;


//INTERCEPT ITEM 1
Value G1, (v1),Intercept(1),2.13;
Value G1, (v1),Intercept(2),0.37;
Value G1, (v1),Intercept(3),-0.86;
Value G1, (v1),Intercept(4),-1.88;

//INTERCEPT ITEM 2
Value G1, (v2),Intercept(1),2.67;
Value G1, (v2),Intercept(2),1.33;
Value G1, (v2),Intercept(3),0.31;
Value G1, (v2),Intercept(4),-0.67;

//INTERCEPT ITEM 3
Value G1, (v3),Intercept(1),3.57;
Value G1, (v3),Intercept(2),1.70;
Value G1, (v3),Intercept(3),0.07;
Value G1, (v3),Intercept(4),-1.90;

//INTERCEPT ITEM 4
Value G1, (v4),Intercept(1),3.77;
Value G1, (v4),Intercept(2),2.32;
Value G1, (v4),Intercept(3),1.09;
Value G1, (v4),Intercept(4),-0.31;


//INTERCEPT ITEM 5
Value G1, (v5),Intercept(1),2.13;
Value G1, (v5),Intercept(2),0.37;
Value G1, (v5),Intercept(3),-0.86;
Value G1, (v5),Intercept(4),-1.88;

//INTERCEPT ITEM 6
Value G1, (v6),Intercept(1),2.67;
Value G1, (v6),Intercept(2),1.33;
Value G1, (v6),Intercept(3),0.31;
Value G1, (v6),Intercept(4),-0.67;

//INTERCEPT ITEM 7
Value G1, (v7),Intercept(1),3.57;
Value G1, (v7),Intercept(2),1.70;
Value G1, (v7),Intercept(3),0.07;
Value G1, (v7),Intercept(4),-1.90;

//INTERCEPT ITEM 8
Value G1, (v8),Intercept(1),3.77;
Value G1, (v8),Intercept(2),2.32;
Value G1, (v8),Intercept(3),1.09;
Value G1, (v8),Intercept(4),-0.31;


//MEANS AND VARIANCES
Value G1,  Mean(1), 0.0 ;
Value G1,  Mean(2), 0.1 ;
Value G1, Cov(1,1), 1 ;
Value G1, Cov(2,2), 1.4 ;
Value G1, Cov(1,2), 0.9 ;

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

//SLOPE TIME 1 ITEMS AT TIME 1
Value G2, (v1),Slope(1),0.75;
Value G2, (v2),Slope(1),1.30;
Value G2, (v3),Slope(1),1.80;
Value G2, (v4),Slope(1),1.65;

//SLOPE TIME 1 ITEMS AT TIME 2
Value G2, (v1),Slope(2),0.0;
Value G2, (v2),Slope(2),0.0;
Value G2, (v3),Slope(2),0.0;
Value G2, (v4),Slope(2),0.0;

//SLOPE TIME 2 ITEMS AT TIME 1
Value G2, (v5),Slope(1),0.0;
Value G2, (v6),Slope(1),0.0;
Value G2, (v7),Slope(1),0.0;
Value G2, (v8),Slope(1),0.0;

//SLOPE TIME 2 ITEMS AT TIME 2
Value G2, (v5),Slope(2),0.75;
Value G2, (v6),Slope(2),1.30;
Value G2, (v7),Slope(2),1.80;
Value G2, (v8),Slope(2),1.65;

//INTERCEPT ITEM 1
Value G2, (v1),Intercept(1),2.13;
Value G2, (v1),Intercept(2),0.37;
Value G2, (v1),Intercept(3),-0.86;
Value G2, (v1),Intercept(4),-1.88;

//INTERCEPT ITEM 2
Value G2, (v2),Intercept(1),2.67;
Value G2, (v2),Intercept(2),1.33;
Value G2, (v2),Intercept(3),0.31;
Value G2, (v2),Intercept(4),-0.67;

//INTERCEPT ITEM 3
Value G2, (v3),Intercept(1),3.57;
Value G2, (v3),Intercept(2),1.70;
Value G2, (v3),Intercept(3),0.07;
Value G2, (v3),Intercept(4),-1.90;

//INTERCEPT ITEM 4
Value G2, (v4),Intercept(1),3.77;
Value G2, (v4),Intercept(2),2.32;
Value G2, (v4),Intercept(3),1.09;
Value G2, (v4),Intercept(4),-0.31;

//INTERCEPT ITEM 5
Value G2, (v5),Intercept(1),2.13;
Value G2, (v5),Intercept(2),0.37;
Value G2, (v5),Intercept(3),-0.86;
Value G2, (v5),Intercept(4),-1.88;

//INTERCEPT ITEM 6
Value G2, (v6),Intercept(1),2.67;
Value G2, (v6),Intercept(2),1.33;
Value G2, (v6),Intercept(3),0.31;
Value G2, (v6),Intercept(4),-0.67;

//INTERCEPT ITEM 7
Value G2, (v7),Intercept(1),3.57;
Value G2, (v7),Intercept(2),1.70;
Value G2, (v7),Intercept(3),0.07;
Value G2, (v7),Intercept(4),-1.90;

//INTERCEPT ITEM 8
Value G2, (v8),Intercept(1),3.77;
Value G2, (v8),Intercept(2),2.32;
Value G2, (v8),Intercept(3),1.09;
Value G2, (v8),Intercept(4),-0.31;

//MEANS AND VARIANCES
Value G2,  Mean(1), 0 ;
Value G2,  Mean(2), 0.15 ;
Value G2, Cov(1,1), 1 ;
Value G2, Cov(2,2), 1.2 ;
Value G2, Cov(1,2), 0.7 ;

Calibration (Preferred model: LM-MIRT):
<Project>
  Title = "Calibrate GRM model (Motivating Example 3 - Timepoints=2 Groups=2)";
  Description = "LM-MIRT model for four items";

<Options>
  Mode = Calibration;   // IRT Calibration
  SavePRM = Yes;        // Save out parameter estimates as separate file
  SaveSCO = YES;        // conduct scoring
  Score = EAP;          // save out EAP scores
  FactorLoadings = Yes; // print item slopes also as factor loadings

<Groups>
%G1%
  File = "sim_r1t2_G1.csv";   // Data file
  Dimensions = 2;           // Number of latent dimensions
  Varnames = v1-v8;         // Variables names (4 items at two timepoints)
  N = 1000;                 // Sample size
  Ncats(v1-v8) = 5;         // All items have 5 response categories
  Model(v1-v8) = Graded(5); // Estimated a Graded Response Model (GRM) 

%G2%
  File = "sim_r1t2_G2.csv";   // Data file
  Dimensions = 2;           // Number of latent dimensions
  Varnames = v1-v8;         // Variables names (4 items at two timepoints)
  N = 1000;                 // Sample size
  Ncats(v1-v8) = 5;         // All items have 5 response categories
  Model(v1-v8) = Graded(5); // Estimated a Graded Response Model (GRM) 


<Constraints>
//G1 & G2 Item parameter Constraints
  Fix G1,(v1-v8), Slope;
  Fix G2,(v1-v8), Slope;

//G1/G2 Free Item parameters
  Free G1,(v1-v4),Slope(1);
  Free G1,(v5-v8),Slope(2);

  Free G2,(v1-v4),Slope(1);
  Free G2,(v5-v8),Slope(2);

//Equality Constraints
  Equal G1,(v1-v4),Slope(1) : G2,(v1-v4),Slope(1) : G1,(v5-v8),Slope(2) : G2,(v5-v8),Slope(2);

  Equal G1,(v1-v4),Intercept(1): G1,(v5-v8),Intercept(1) : G2,(v1-v4),Intercept(1): G2,(v5-v8),Intercept(1) ; 
  Equal G1,(v1-v4),Intercept(2): G1,(v5-v8),Intercept(2) : G2,(v1-v4),Intercept(2): G2,(v5-v8),Intercept(2) ; 
  Equal G1,(v1-v4),Intercept(3): G1,(v5-v8),Intercept(3) : G2,(v1-v4),Intercept(3): G2,(v5-v8),Intercept(3) ; 
  Equal G1,(v1-v4),Intercept(4): G1,(v5-v8),Intercept(4) : G2,(v1-v4),Intercept(4): G2,(v5-v8),Intercept(4) ; 


// G1 Distributional Constraints
  Free G1, Mean(2);
  Free G1, Cov(2,2);
  Free G1, Cov(1,2);

// G2 Distributional Constraints
  Free G2, Mean(1);
  Free G2, Mean(2);
  Free G2, Cov(1,1);
  Free G2, Cov(2,2);
  Free G2, Cov(1,2);








Supplemental Materials Section 2(b): Annotated R code (mirt package)
# install.packages("mirt")
library(mirt)
library(psych)

################################
# Motivating Example 1 Code:   #
################################

  ## Simulation:
  a <- c(0.75, 1.30, 1.80, 1.65) # specify slope parameters 
  d <- matrix(c(2.13, 0.37, -0.86, -1.88, # specify intercepts 
                2.67, 1.33, 0.31, -0.67,
                3.57, 1.70, 0.07, -1.90,
                3.77, 2.32, 1.09, -0.31),
              nrow=4, ncol=4, byrow=T) 
  N = 1000                                                        # sample size
  set.seed(22902)                                                 # set random seed
  sim1 <- simdata(a, d, N, itemtype='graded', returnList = TRUE)  # simulate data
  theta <- sim1$Theta                                             # save true theta
  dat1 <- data.frame(sim1$data)                                   # create dataframe of item resp 

  ## Calibration (Unidimensional IRT):
  mod1 <- mirt(dat1, model=1, itemtype='graded', method='EM', SE=TRUE) # fit model
  coef(mod1, simplify=TRUE) # get item parameters
  
  ## ML scoring
  scores1.ML <- data.frame(fscores(mod1, method='ML'))
  summary(scores1.ML)                                              # Ranges from -inf to inf
  scores1.ML <-ifelse(scores1.ML$F1 < -4,-4,                       # impose LOSS of -4
                     ifelse(scores1.ML$F1 > 4,4, scores1.ML$F1))   # impose HOSS of 4
  summary(scores1.ML)                                              # new range is from -4 to 4

  ## EAP scoring:
  scores1.EAP <- data.frame(fscores(mod1, method='EAP'))
  summary(scores1.EAP)
  
  plot(density(theta))
  lines(density(scores1.ML),col="blue")
  lines(density(scores1.EAP$F1),col="red")
  describe(cbind(theta,scores1.ML,scores1.EAP$F1))

################################
# Motivating Example 2 Code:   #
################################
  
  ## Simulation:
  a <- c(0.75, 1.30, 1.80, 1.65)          # specify slope parameters 
  d <- matrix(c(2.13, 0.37, -0.86, -1.88, # specify intercepts 
                2.67, 1.33, 0.31, -0.67,
                3.57, 1.70, 0.07, -1.90,
                3.77, 2.32, 1.09, -0.31),
              nrow=4, ncol=4, byrow=T) 
  N = 1000 # sample size
  set.seed(22902)
  dat2.G1 <- simdata(a, d, N, itemtype='graded', returnList = TRUE)            # simulate data for group 1
  dat2.G2 <- simdata(a, d, N, itemtype='graded', mu = 0.10, returnList = TRUE) # simulate data for group 2
  dat2 <- data.frame(rbind( dat2.G1$data, dat2.G2$data))                       # create dataframe of item resp
  dat2$group <- c(rep('G1', N), rep('G2', N))                                  # create grouping variable
  dat2$theta <- c(dat2.G1$Theta, dat2.G2$Theta)                                # add true thetas to dataset
  head(dat2)

  ## Calibration (Preferred model: Multigroup IRT): 
  mod2 <- multipleGroup(
    dat2[, 1:4],
    model = 1,
    group = dat2$group,
    invariance = c(
      "free_means", "free_variances",       # G1 M/Var is fixed, G2 M/Var is freed
      "slopes", "intercepts"),              # assume invariance for slopes and intercepts
    itemtype='graded', method='MHRM')       # Use Cai (2010) MH-RM algorithm
  coef(mod2, simplify=TRUE) # get item parameters

  ## ML scoring:
  scores2.ML <- data.frame(fscores(mod2, method='ML'))
  summary(scores2.ML)                                              # Ranges from -inf to inf
  dat2$ML <-ifelse(scores2.ML$F1 < -4,-4,                          # impose LOSS of -4
                     ifelse(scores2.ML$F1 > 4,4, scores2.ML$F1))   # impose HOSS of 4
  summary(dat2$ML)                                                 # new range is from -4 to 4

  ## EAP scoring
  scores2.EAP <- data.frame(fscores(mod2, method='EAP'))
  summary(scores2.EAP)
  dat2$EAP <- scores2.EAP$F1

  ## Compare group means
  describeBy(dat2[,c("theta","ML","EAP")],dat2$group)

################################
# Motivating Example 3 Code:  ##
################################

  ## Simulation:
  a <- matrix(c(0.75, 0, # specify slope parameters 
                1.30, 0, 
                1.80, 0, 
                1.65, 0,
                0, 0.75,
                0, 1.30, 
                0, 1.80, 
                0, 1.65),
              nrow=8, ncol=2, byrow=T) 
  d <- matrix(c(2.13, 0.37, -0.86, -1.88, # specify intercepts 
                2.67, 1.33, 0.31, -0.67,
                3.57, 1.70, 0.07, -1.90,
                3.77, 2.32, 1.09, -0.31,
                2.13, 0.37, -0.86, -1.88,  
                2.67, 1.33, 0.31, -0.67,
                3.57, 1.70, 0.07, -1.90,
                3.77, 2.32, 1.09, -0.31),
              nrow=8, ncol=4, byrow=T) 
  mu.g1 <- c(0, 0.1); mu.g2 <- c(0, 0.15) # specify group means
  s.g1 <- matrix(c(1,0.9,0.9,1.4),2,2)    # specify group 1 variances 
  s.g2 <- matrix(c(1,0.7,0.7,1.2),2,2)    # specify group 2 variances 

  N = 1000 # sample size
  set.seed(22902)

  dat3 <- data.frame(rbind(                                         # create data frame of item responses
    simdata(a, d, N, itemtype='graded', mu = mu.g1, sigma = s.g1),  # simulate data for group 1 
    simdata(a, d, N, itemtype='graded', mu = mu.g2, sigma = s.g2))) # simulate data for group 2

  dat3$group <- c(rep('G1', N), rep('G2', N))                       # create grouping variable
  
  ## Calibration (Preferred model: LM-MIRT):
  lm_mirt <- '
  T1 = 1-4
  T2 = 5-8
  COV = T1*T2, T2*T2 # free covariance and time 2 variance
  CONSTRAIN = 
  (1,5, a1,a2), (2,6, a1,a2), (3,7, a1,a2), (4,8, a1,a2), 
  (1,5, d1), (2,6, d1), (3,7, d1), (4,8, d1),
  (1,5, d2), (2,6, d2), (3,7, d2), (4,8, d2),
  (1,5, d3), (2,6, d3), (3,7, d3), (4,8, d3),
  (1,5, d4), (2,6, d4), (3,7, d4), (4,8, d4), # define the model with constraints across Time
  MEAN = T2'   # free mean at T2 for both groups

  mod3 <- multipleGroup(
    dat3[, 1:8],
    model = lm_mirt,
    group = dat3$group,
    invariance = c(
      "free_means", "free_variances", 
      "slopes", "intercepts"), 
    itemtype='graded', method='MHRM', SE = TRUE) 
  coef(mod3, simplify=TRUE) # get item parameters
  
  ## EAP scoring 
  scores3.EAP <- data.frame(fscores(mod3, method='EAP'))
  summary(scores3.EAP)
  dat3$EAP1 <- scores3.EAP$F1
  dat3$EAP2 <- scores3.EAP$F2
  describeBy(dat3[,c("EAP1","EAP2")],dat3$group)
  
  
  

Supplemental Materials Section 3: Additional Results
Table 3.1
Item Parameter Recovery for Motivating Example 1
	Item
	N
	J
	a
	c1
	c2
	c3
	c4

	1
	100
	4
	0.79 ( 0.04)
	2.2 ( 0.10)
	0.37 ( 0.00)
	-0.89 (-0.03)
	-1.98 (-0.10)

	2
	100
	4
	1.36 ( 0.06)
	2.8 ( 0.10)
	1.34 ( 0.01)
	 0.29 (-0.02)
	-0.72 (-0.05)

	3
	100
	4
	2.15 ( 0.35)
	4.1 ( 0.49)
	1.84 ( 0.14)
	 0.05 (-0.02)
	-2.16 (-0.26)

	4
	100
	4
	2.00 ( 0.35)
	4.3 ( 0.58)
	2.67 ( 0.35)
	 1.24 ( 0.15)
	-0.40 (-0.09)

	1
	200
	4
	0.78 ( 0.03)
	2.1 ( 0.00)
	0.35 (-0.02)
	-0.90 (-0.04)
	-1.93 (-0.05)

	2
	200
	4
	1.30 ( 0.00)
	2.7 ( 0.02)
	1.35 ( 0.02)
	 0.31 ( 0.00)
	-0.71 (-0.04)

	3
	200
	4
	1.92 ( 0.12)
	3.7 ( 0.16)
	1.76 ( 0.06)
	 0.06 (-0.01)
	-2.02 (-0.12)

	4
	200
	4
	1.69 ( 0.04)
	3.9 ( 0.14)
	2.35 ( 0.03)
	 1.08 (-0.01)
	-0.34 (-0.03)

	1
	500
	4
	0.75 ( 0.00)
	2.1 ( 0.01)
	0.37 ( 0.00)
	-0.87 (-0.01)
	-1.90 (-0.02)

	2
	500
	4
	1.32 ( 0.02)
	2.7 ( 0.03)
	1.32 (-0.01)
	 0.29 (-0.02)
	-0.69 (-0.02)

	3
	500
	4
	1.83 ( 0.03)
	3.6 ( 0.01)
	1.70 ( 0.00)
	 0.06 (-0.01)
	-1.93 (-0.03)

	4
	500
	4
	1.72 ( 0.07)
	3.8 ( 0.07)
	2.35 ( 0.03)
	 1.09 ( 0.00)
	-0.35 (-0.04)

	1
	1000
	4
	0.76 ( 0.01)
	2.1 (-0.01)
	0.36 (-0.01)
	-0.86 ( 0.00)
	-1.89 (-0.01)

	2
	1000
	4
	1.31 ( 0.01)
	2.7 ( 0.00)
	1.33 ( 0.00)
	 0.30 (-0.01)
	-0.69 (-0.02)

	3
	1000
	4
	1.83 ( 0.03)
	3.6 ( 0.02)
	1.71 ( 0.01)
	 0.06 (-0.01)
	-1.92 (-0.02)

	4
	1000
	4
	1.66 ( 0.01)
	3.8 ( 0.02)
	2.31 (-0.01)
	 1.08 (-0.01)
	-0.31 ( 0.00)

	1
	100
	8
	0.77 ( 0.02)
	2.2 ( 0.11)
	0.40 ( 0.03)
	-0.83 ( 0.03)
	-1.89 (-0.01)

	2
	100
	8
	1.32 ( 0.02)
	2.7 ( 0.04)
	1.35 ( 0.02)
	 0.34 ( 0.03)
	-0.65 ( 0.02)

	3
	100
	8
	1.80 ( 0.00)
	3.7 ( 0.10)
	1.73 ( 0.03)
	 0.07 ( 0.00)
	-1.89 ( 0.01)

	4
	100
	8
	1.68 ( 0.03)
	3.9 ( 0.12)
	2.35 ( 0.03)
	 1.14 ( 0.05)
	-0.30 ( 0.01)

	5
	100
	8
	0.94 ( 0.00)
	3.9 ( 0.49)
	0.74 ( 0.06)
	-0.77 ( 0.00)
	-1.61 (-0.01)

	6
	100
	8
	1.88 ( 0.03)
	3.3 ( 0.09)
	1.55 ( 0.05)
	 0.40 ( 0.03)
	-0.72 ( 0.02)

	7
	100
	8
	2.68 ( 0.15)
	4.0 ( 0.29)
	3.26 ( 0.26)
	 0.06 ( 0.00)
	-3.26 (-0.15)

	8
	100
	8
	2.43 ( 0.15)
	4.1 ( 0.17)
	2.97 ( 0.11)
	 1.24 ( 0.05)
	-0.55 (-0.01)

	1
	200
	8
	0.76 ( 0.01)
	2.1 ( 0.01)
	0.38 ( 0.01)
	-0.86 ( 0.00)
	-1.87 ( 0.01)

	2
	200
	8
	1.34 ( 0.04)
	2.7 ( 0.05)
	1.38 ( 0.05)
	 0.32 ( 0.01)
	-0.66 ( 0.01)

	3
	200
	8
	1.81 ( 0.01)
	3.7 ( 0.09)
	1.77 ( 0.07)
	 0.09 ( 0.02)
	-1.93 (-0.03)

	4
	200
	8
	1.64 (-0.01)
	3.8 ( 0.03)
	2.33 ( 0.01)
	 1.09 ( 0.00)
	-0.28 ( 0.03)

	5
	200
	8
	0.92 (-0.02)
	3.4 ( 0.03)
	0.70 ( 0.02)
	-0.76 ( 0.01)
	-1.61 (-0.01)

	6
	200
	8
	1.81 (-0.04)
	3.2 ( 0.00)
	1.53 ( 0.03)
	 0.39 ( 0.02)
	-0.75 (-0.01)

	7
	200
	8
	2.64 ( 0.11)
	3.9 ( 0.18)
	3.17 ( 0.17)
	 0.11 ( 0.05)
	-3.22 (-0.11)

	8
	200
	8
	2.28 ( 0.00)
	4.0 ( 0.06)
	2.92 ( 0.06)
	 1.25 ( 0.06)
	-0.52 ( 0.02)

	1
	500
	8
	0.76 ( 0.01)
	2.1 ( 0.01)
	0.37 ( 0.00)
	-0.87 (-0.01)
	-1.89 (-0.01)

	2
	500
	8
	1.28 (-0.02)
	2.7 ( 0.00)
	1.32 (-0.01)
	 0.31 ( 0.00)
	-0.66 ( 0.01)

	3
	500
	8
	1.79 (-0.01)
	3.6 ( 0.01)
	1.70 ( 0.00)
	 0.06 (-0.01)
	-1.89 ( 0.01)

	4
	500
	8
	1.64 (-0.01)
	3.8 ( 0.05)
	2.35 ( 0.03)
	 1.09 ( 0.00)
	-0.32 (-0.01)

	5
	500
	8
	0.96 ( 0.02)
	3.4 ( 0.03)
	0.69 ( 0.01)
	-0.77 ( 0.00)
	-1.61 (-0.01)

	6
	500
	8
	1.88 ( 0.03)
	3.2 ( 0.04)
	1.52 ( 0.02)
	 0.35 (-0.02)
	-0.75 (-0.01)

	7
	500
	8
	2.55 ( 0.02)
	3.8 ( 0.07)
	3.06 ( 0.06)
	 0.06 ( 0.00)
	-3.13 (-0.02)

	8
	500
	8
	2.28 ( 0.00)
	4.0 ( 0.01)
	2.86 ( 0.00)
	 1.18 (-0.01)
	-0.56 (-0.02)

	1
	1000
	8
	0.74 (-0.01)
	2.1 ( 0.01)
	0.36 (-0.01)
	-0.87 (-0.01)
	-1.87 ( 0.01)

	2
	1000
	8
	1.31 ( 0.01)
	2.7 ( 0.00)
	1.35 ( 0.02)
	 0.32 ( 0.01)
	-0.67 ( 0.00)

	3
	1000
	8
	1.80 ( 0.00)
	3.6 ( 0.02)
	1.72 ( 0.02)
	 0.07 ( 0.00)
	-1.90 ( 0.00)

	4
	1000
	8
	1.65 ( 0.00)
	3.8 ( 0.02)
	2.32 ( 0.00)
	 1.09 ( 0.00)
	-0.32 (-0.01)

	5
	1000
	8
	0.94 ( 0.00)
	3.4 (-0.02)
	0.68 ( 0.00)
	-0.77 ( 0.00)
	-1.61 (-0.01)

	6
	1000
	8
	1.85 ( 0.00)
	3.2 ( 0.01)
	1.49 (-0.01)
	 0.37 ( 0.00)
	-0.75 (-0.01)

	7
	1000
	8
	2.55 ( 0.02)
	3.7 ( 0.02)
	3.02 ( 0.02)
	 0.07 ( 0.01)
	-3.12 (-0.01)

	8
	1000
	8
	2.30 ( 0.02)
	4.0 ( 0.01)
	2.87 ( 0.01)
	 1.19 ( 0.00)
	-0.55 (-0.01)


Note. The mean parameter estimate is shown with the bias estimate in parentheses. 
Table 3.2
Item Parameter Recovery for Motivating Example 2
	Item
	N
	J
	a
	c1
	c2
	c3
	c4

	1
	100
	4
	0.77 ( 0.02)
	2.2 ( 0.03)
	0.36 (-0.01)
	-0.89 (-0.03)
	-1.95 (-0.07)

	2
	100
	4
	1.35 ( 0.05)
	2.7 ( 0.05)
	1.32 (-0.01)
	 0.30 (-0.01)
	-0.70 (-0.03)

	3
	100
	4
	1.96 ( 0.16)
	3.8 ( 0.21)
	1.73 ( 0.03)
	 0.04 (-0.03)
	-2.06 (-0.16)

	4
	100
	4
	1.68 ( 0.03)
	3.9 ( 0.10)
	2.33 ( 0.01)
	 1.08 (-0.01)
	-0.35 (-0.04)

	1
	200
	4
	0.78 ( 0.03)
	2.1 (-0.01)
	0.35 (-0.02)
	-0.89 (-0.03)
	-1.91 (-0.03)

	2
	200
	4
	1.29 (-0.01)
	2.6 (-0.03)
	1.33 ( 0.00)
	 0.30 (-0.01)
	-0.71 (-0.04)

	3
	200
	4
	1.83 ( 0.03)
	3.6 ( 0.04)
	1.72 ( 0.02)
	 0.05 (-0.02)
	-1.96 (-0.06)

	4
	200
	4
	1.66 ( 0.01)
	3.8 ( 0.08)
	2.32 ( 0.00)
	 1.08 (-0.01)
	-0.34 (-0.03)

	1
	500
	4
	0.75 ( 0.00)
	2.1 ( 0.00)
	0.37 ( 0.00)
	-0.87 (-0.01)
	-1.89 (-0.01)

	2
	500
	4
	1.33 ( 0.03)
	2.7 ( 0.02)
	1.32 (-0.01)
	 0.30 (-0.01)
	-0.68 (-0.01)

	3
	500
	4
	1.82 ( 0.02)
	3.6 (-0.01)
	1.68 (-0.02)
	 0.05 (-0.02)
	-1.92 (-0.02)

	4
	500
	4
	1.67 ( 0.02)
	3.8 ( 0.02)
	2.32 ( 0.00)
	 1.08 (-0.01)
	-0.34 (-0.03)

	1
	1000
	4
	0.77 ( 0.02)
	2.1 ( 0.01)
	0.37 ( 0.00)
	-0.86 ( 0.00)
	-1.88 ( 0.00)

	2
	1000
	4
	1.31 ( 0.01)
	2.7 (-0.01)
	1.33 ( 0.00)
	 0.30 (-0.01)
	-0.69 (-0.02)

	3
	1000
	4
	1.82 ( 0.02)
	3.6 (-0.01)
	1.69 (-0.01)
	 0.06 (-0.01)
	-1.92 (-0.02)

	4
	1000
	4
	1.67 ( 0.02)
	3.8 ( 0.01)
	2.31 (-0.01)
	 1.08 (-0.01)
	-0.31 ( 0.00)

	1
	100
	8
	0.76 ( 0.01)
	2.2 ( 0.05)
	0.39 ( 0.02)
	-0.83 ( 0.03)
	-1.88 ( 0.00)

	2
	100
	8
	1.31 ( 0.01)
	2.7 ( 0.04)
	1.33 ( 0.00)
	 0.32 ( 0.01)
	-0.65 ( 0.02)

	3
	100
	8
	1.82 ( 0.02)
	3.6 ( 0.06)
	1.74 ( 0.04)
	 0.06 (-0.01)
	-1.89 ( 0.01)

	4
	100
	8
	1.63 (-0.02)
	3.8 ( 0.01)
	2.30 (-0.02)
	 1.10 ( 0.01)
	-0.30 ( 0.01)

	5
	100
	8
	0.94 ( 0.00)
	3.5 ( 0.09)
	0.72 ( 0.04)
	-0.76 ( 0.01)
	-1.59 ( 0.01)

	6
	100
	8
	1.85 ( 0.00)
	3.2 ( 0.06)
	1.53 ( 0.03)
	 0.40 ( 0.03)
	-0.73 ( 0.01)

	7
	100
	8
	2.56 ( 0.03)
	3.8 ( 0.13)
	3.12 ( 0.12)
	 0.09 ( 0.03)
	-3.12 (-0.01)

	8
	100
	8
	2.32 ( 0.04)
	4.0 ( 0.05)
	2.93 ( 0.07)
	 1.22 ( 0.03)
	-0.54 ( 0.00)

	1
	200
	8
	0.74 (-0.01)
	2.1 ( 0.01)
	0.38 ( 0.01)
	-0.86 ( 0.00)
	-1.89 (-0.01)

	2
	200
	8
	1.30 ( 0.00)
	2.7 ( 0.03)
	1.37 ( 0.04)
	 0.32 ( 0.01)
	-0.65 ( 0.02)

	3
	200
	8
	1.80 ( 0.00)
	3.6 ( 0.06)
	1.75 ( 0.05)
	 0.10 ( 0.03)
	-1.89 ( 0.01)

	4
	200
	8
	1.63 (-0.02)
	3.8 ( 0.05)
	2.35 ( 0.03)
	 1.10 ( 0.01)
	-0.28 ( 0.03)

	5
	200
	8
	0.91 (-0.03)
	3.4 (-0.01)
	0.68 ( 0.00)
	-0.77 ( 0.00)
	-1.61 (-0.01)

	6
	200
	8
	1.82 (-0.03)
	3.2 ( 0.01)
	1.51 ( 0.01)
	 0.38 ( 0.01)
	-0.73 ( 0.01)

	7
	200
	8
	2.57 ( 0.04)
	3.8 ( 0.08)
	3.07 ( 0.07)
	 0.10 ( 0.04)
	-3.15 (-0.04)

	8
	200
	8
	2.28 ( 0.00)
	4.0 ( 0.02)
	2.89 ( 0.03)
	 1.22 ( 0.03)
	-0.52 ( 0.02)

	1
	500
	8
	0.76 ( 0.01)
	2.1 (-0.01)
	0.37 ( 0.00)
	-0.86 ( 0.00)
	-1.88 ( 0.00)

	2
	500
	8
	1.28 (-0.02)
	2.7 (-0.01)
	1.32 (-0.01)
	 0.31 ( 0.00)
	-0.67 ( 0.00)

	3
	500
	8
	1.79 (-0.01)
	3.6 ( 0.01)
	1.69 (-0.01)
	 0.07 ( 0.00)
	-1.90 ( 0.00)

	4
	500
	8
	1.62 (-0.03)
	3.8 ( 0.01)
	2.32 ( 0.00)
	 1.08 (-0.01)
	-0.31 ( 0.00)

	5
	500
	8
	0.95 ( 0.01)
	3.4 ( 0.03)
	0.69 ( 0.01)
	-0.77 ( 0.00)
	-1.61 (-0.01)

	6
	500
	8
	1.86 ( 0.01)
	3.2 ( 0.02)
	1.51 ( 0.01)
	 0.36 (-0.01)
	-0.74 ( 0.00)

	7
	500
	8
	2.54 ( 0.01)
	3.8 ( 0.05)
	3.04 ( 0.04)
	 0.05 (-0.01)
	-3.12 (-0.01)

	8
	500
	8
	2.27 (-0.01)
	3.9 (-0.01)
	2.84 (-0.02)
	 1.18 (-0.01)
	-0.55 (-0.01)

	1
	1000
	8
	0.75 ( 0.00)
	2.1 ( 0.00)
	0.37 ( 0.00)
	-0.87 (-0.01)
	-1.87 ( 0.01)

	2
	1000
	8
	1.31 ( 0.01)
	2.7 ( 0.00)
	1.34 ( 0.01)
	 0.31 ( 0.00)
	-0.67 ( 0.00)

	3
	1000
	8
	1.80 ( 0.00)
	3.6 ( 0.00)
	1.70 ( 0.00)
	 0.06 (-0.01)
	-1.90 ( 0.00)

	4
	1000
	8
	1.65 ( 0.00)
	3.8 ( 0.01)
	2.32 ( 0.00)
	 1.09 ( 0.00)
	-0.31 ( 0.00)

	5
	1000
	8
	0.94 ( 0.00)
	3.4 (-0.01)
	0.68 ( 0.00)
	-0.77 ( 0.00)
	-1.60 ( 0.00)

	6
	1000
	8
	1.85 ( 0.00)
	3.2 ( 0.00)
	1.49 (-0.01)
	 0.36 (-0.01)
	-0.74 ( 0.00)

	7
	1000
	8
	2.53 ( 0.00)
	3.7 ( 0.01)
	3.00 ( 0.00)
	 0.06 ( 0.00)
	-3.11 ( 0.00)

	8
	1000
	8
	2.28 ( 0.00)
	3.9 (-0.01)
	2.85 (-0.01)
	 1.18 (-0.01)
	-0.54 ( 0.00)


Note. The item parameters for both groups were constrained to be equal, so only one set of group results are shown. The mean parameter estimate is shown with the bias estimate in parentheses. 

Table 3.3
Item Parameter Recovery for Motivating Example 3
	Item
	Time
	N
	J
	a1
	a2
	c1
	c2
	c3
	c4

	v1
	1
	100
	4
	0.75 ( 0.00)
	0.00 ( —)
	2.1 (-0.01)
	0.34 (-0.03)
	-0.90 (-0.04)
	-1.92 (-0.04)

	v2
	1
	100
	4
	1.31 ( 0.01)
	0.00 ( —)
	2.7 ( 0.01)
	1.33 ( 0.00)
	 0.28 (-0.03)
	-0.71 (-0.04)

	v3
	1
	100
	4
	1.79 (-0.01)
	0.00 ( —)
	3.5 (-0.03)
	1.68 (-0.02)
	 0.02 (-0.05)
	-1.96 (-0.06)

	v4
	1
	100
	4
	1.62 (-0.03)
	0.00 ( —)
	3.8 ( 0.00)
	2.28 (-0.04)
	 1.05 (-0.04)
	-0.36 (-0.05)

	v1
	2
	100
	4
	0.00 ( —)
	0.75 ( 0.00)
	2.1 (-0.01)
	0.34 (-0.03)
	-0.90 (-0.04)
	-1.92 (-0.04)

	v2
	2
	100
	4
	0.00 ( —)
	1.31 ( 0.01)
	2.7 ( 0.01)
	1.33 ( 0.00)
	 0.28 (-0.03)
	-0.71 (-0.04)

	v3
	2
	100
	4
	0.00 ( —)
	1.79 (-0.01)
	3.5 (-0.03)
	1.68 (-0.02)
	 0.02 (-0.05)
	-1.96 (-0.06)

	v4
	2
	100
	4
	0.00 ( —)
	1.62 (-0.03)
	3.8 ( 0.00)
	2.28 (-0.04)
	 1.05 (-0.04)
	-0.36 (-0.05)

	v1
	1
	200
	4
	0.76 ( 0.01)
	0.00 ( —)
	2.1 (-0.01)
	0.36 (-0.01)
	-0.88 (-0.02)
	-1.91 (-0.03)

	v2
	1
	200
	4
	1.34 ( 0.04)
	0.00 ( —)
	2.7 ( 0.00)
	1.31 (-0.02)
	 0.29 (-0.02)
	-0.70 (-0.03)

	v3
	1
	200
	4
	1.83 ( 0.03)
	0.00 ( —)
	3.5 (-0.02)
	1.66 (-0.04)
	 0.04 (-0.03)
	-1.95 (-0.05)

	v4
	1
	200
	4
	1.68 ( 0.03)
	0.00 ( —)
	3.8 ( 0.00)
	2.31 (-0.01)
	 1.05 (-0.04)
	-0.35 (-0.04)

	v1
	2
	200
	4
	0.00 ( —)
	0.76 ( 0.01)
	2.1 (-0.01)
	0.36 (-0.01)
	-0.88 (-0.02)
	-1.91 (-0.03)

	v2
	2
	200
	4
	0.00 ( —)
	1.34 ( 0.04)
	2.7 ( 0.00)
	1.31 (-0.02)
	 0.29 (-0.02)
	-0.70 (-0.03)

	v3
	2
	200
	4
	0.00 ( —)
	1.83 ( 0.03)
	3.5 (-0.02)
	1.66 (-0.04)
	 0.04 (-0.03)
	-1.95 (-0.05)

	v4
	2
	200
	4
	0.00 ( —)
	1.68 ( 0.03)
	3.8 ( 0.00)
	2.31 (-0.01)
	 1.05 (-0.04)
	-0.35 (-0.04)

	v1
	1
	500
	4
	0.76 ( 0.01)
	0.00 ( —)
	2.1 (-0.01)
	0.36 (-0.01)
	-0.88 (-0.02)
	-1.89 (-0.01)

	v2
	1
	500
	4
	1.32 ( 0.02)
	0.00 ( —)
	2.7 (-0.01)
	1.32 (-0.01)
	 0.30 (-0.01)
	-0.69 (-0.02)

	v3
	1
	500
	4
	1.82 ( 0.02)
	0.00 ( —)
	3.6 ( 0.00)
	1.68 (-0.02)
	 0.04 (-0.03)
	-1.94 (-0.04)

	v4
	1
	500
	4
	1.65 ( 0.00)
	0.00 ( —)
	3.8 (-0.02)
	2.29 (-0.03)
	 1.07 (-0.02)
	-0.33 (-0.02)

	v1
	2
	500
	4
	0.00 ( —)
	0.76 ( 0.01)
	2.1 (-0.01)
	0.36 (-0.01)
	-0.88 (-0.02)
	-1.89 (-0.01)

	v2
	2
	500
	4
	0.00 ( —)
	1.32 ( 0.02)
	2.7 (-0.01)
	1.32 (-0.01)
	 0.30 (-0.01)
	-0.69 (-0.02)

	v3
	2
	500
	4
	0.00 ( —)
	1.82 ( 0.02)
	3.6 ( 0.00)
	1.68 (-0.02)
	 0.04 (-0.03)
	-1.94 (-0.04)

	v4
	2
	500
	4
	0.00 ( —)
	1.65 ( 0.00)
	3.8 (-0.02)
	2.29 (-0.03)
	 1.07 (-0.02)
	-0.33 (-0.02)

	v1
	1
	1000
	4
	0.75 ( 0.00)
	0.00 ( —)
	2.1 ( 0.00)
	0.37 ( 0.00)
	-0.87 (-0.01)
	-1.89 (-0.01)

	v2
	1
	1000
	4
	1.30 ( 0.00)
	0.00 ( —)
	2.7 ( 0.00)
	1.33 ( 0.00)
	 0.31 ( 0.00)
	-0.67 ( 0.00)

	v3
	1
	1000
	4
	1.81 ( 0.01)
	0.00 ( —)
	3.6 (-0.01)
	1.69 (-0.01)
	 0.05 (-0.02)
	-1.92 (-0.02)

	v4
	1
	1000
	4
	1.66 ( 0.01)
	0.00 ( —)
	3.8 ( 0.01)
	2.33 ( 0.01)
	 1.09 ( 0.00)
	-0.32 (-0.01)

	v1
	2
	1000
	4
	0.00 ( —)
	0.75 ( 0.00)
	2.1 ( 0.00)
	0.37 ( 0.00)
	-0.87 (-0.01)
	-1.89 (-0.01)

	v2
	2
	1000
	4
	0.00 ( —)
	1.30 ( 0.00)
	2.7 ( 0.00)
	1.33 ( 0.00)
	 0.31 ( 0.00)
	-0.67 ( 0.00)

	v3
	2
	1000
	4
	0.00 ( —)
	1.81 ( 0.01)
	3.6 (-0.01)
	1.69 (-0.01)
	 0.05 (-0.02)
	-1.92 (-0.02)

	v4
	2
	1000
	4
	0.00 ( —)
	1.66 ( 0.01)
	3.8 ( 0.01)
	2.33 ( 0.01)
	 1.09 ( 0.00)
	-0.32 (-0.01)

	v1
	1
	100
	8
	0.75 ( 0.00)
	0.00 ( —)
	2.1 ( 0.00)
	0.39 ( 0.02)
	-0.85 ( 0.01)
	-1.88 ( 0.00)

	v2
	1
	100
	8
	1.30 ( 0.00)
	0.00 ( —)
	2.7 ( 0.03)
	1.34 ( 0.01)
	 0.31 ( 0.00)
	-0.68 (-0.01)

	v3
	1
	100
	8
	1.80 ( 0.00)
	0.00 ( —)
	3.6 ( 0.03)
	1.73 ( 0.03)
	 0.09 ( 0.02)
	-1.90 ( 0.00)

	v4
	1
	100
	8
	1.65 ( 0.00)
	0.00 ( —)
	3.8 ( 0.03)
	2.34 ( 0.02)
	 1.11 ( 0.02)
	-0.31 ( 0.00)

	v5
	1
	100
	8
	0.94 ( 0.00)
	0.00 ( —)
	3.4 ( 0.02)
	0.71 ( 0.03)
	-0.78 (-0.01)
	-1.61 (-0.01)

	v6
	1
	100
	8
	1.84 (-0.01)
	0.00 ( —)
	3.2 ( 0.04)
	1.54 ( 0.04)
	 0.39 ( 0.02)
	-0.73 ( 0.01)

	v7
	1
	100
	8
	2.50 (-0.03)
	0.00 ( —)
	3.8 ( 0.08)
	3.06 ( 0.06)
	 0.11 ( 0.05)
	-3.09 ( 0.02)

	v8
	1
	100
	8
	2.28 ( 0.00)
	0.00 ( —)
	4.0 ( 0.05)
	2.87 ( 0.01)
	 1.19 ( 0.00)
	-0.54 ( 0.00)

	v1
	2
	100
	8
	0.00 ( —)
	0.75 ( 0.00)
	2.1 ( 0.00)
	0.39 ( 0.02)
	-0.85 ( 0.01)
	-1.88 ( 0.00)

	v2
	2
	100
	8
	0.00 ( —)
	1.30 ( 0.00)
	2.7 ( 0.03)
	1.34 ( 0.01)
	 0.31 ( 0.00)
	-0.68 (-0.01)

	v3
	2
	100
	8
	0.00 ( —)
	1.80 ( 0.00)
	3.6 ( 0.03)
	1.73 ( 0.03)
	 0.09 ( 0.02)
	-1.90 ( 0.00)

	v4
	2
	100
	8
	0.00 ( —)
	1.65 ( 0.00)
	3.8 ( 0.03)
	2.34 ( 0.02)
	 1.11 ( 0.02)
	-0.31 ( 0.00)

	v5
	2
	100
	8
	0.00 ( —)
	0.94 ( 0.00)
	3.4 ( 0.02)
	0.71 ( 0.03)
	-0.78 (-0.01)
	-1.61 (-0.01)

	v6
	2
	100
	8
	0.00 ( —)
	1.84 (-0.01)
	3.2 ( 0.04)
	1.54 ( 0.04)
	 0.39 ( 0.02)
	-0.73 ( 0.01)

	v7
	2
	100
	8
	0.00 ( —)
	2.50 (-0.03)
	3.8 ( 0.08)
	3.06 ( 0.06)
	 0.11 ( 0.05)
	-3.09 ( 0.02)

	v8
	2
	100
	8
	0.00 ( —)
	2.28 ( 0.00)
	4.0 ( 0.05)
	2.87 ( 0.01)
	 1.19 ( 0.00)
	-0.54 ( 0.00)

	v1
	1
	200
	8
	0.74 (-0.01)
	0.00 ( —)
	2.1 ( 0.00)
	0.38 ( 0.01)
	-0.87 (-0.01)
	-1.89 (-0.01)

	v2
	1
	200
	8
	1.29 (-0.01)
	0.00 ( —)
	2.7 ( 0.00)
	1.33 ( 0.00)
	 0.31 ( 0.00)
	-0.67 ( 0.00)

	v3
	1
	200
	8
	1.81 ( 0.01)
	0.00 ( —)
	3.6 ( 0.05)
	1.72 ( 0.02)
	 0.08 ( 0.01)
	-1.92 (-0.02)

	v4
	1
	200
	8
	1.64 (-0.01)
	0.00 ( —)
	3.8 ( 0.05)
	2.34 ( 0.02)
	 1.10 ( 0.01)
	-0.30 ( 0.01)

	v5
	1
	200
	8
	0.92 (-0.02)
	0.00 ( —)
	3.4 ( 0.01)
	0.66 (-0.02)
	-0.77 ( 0.00)
	-1.60 ( 0.00)

	v6
	1
	200
	8
	1.83 (-0.02)
	0.00 ( —)
	3.2 ( 0.01)
	1.50 ( 0.00)
	 0.38 ( 0.01)
	-0.74 ( 0.00)

	v7
	1
	200
	8
	2.51 (-0.02)
	0.00 ( —)
	3.7 ( 0.02)
	3.02 ( 0.02)
	 0.06 ( 0.00)
	-3.11 ( 0.00)

	v8
	1
	200
	8
	2.26 (-0.02)
	0.00 ( —)
	4.0 ( 0.02)
	2.86 ( 0.00)
	 1.19 ( 0.00)
	-0.54 ( 0.00)

	v1
	2
	200
	8
	0.00 ( —)
	0.74 (-0.01)
	2.1 ( 0.00)
	0.38 ( 0.01)
	-0.87 (-0.01)
	-1.89 (-0.01)

	v2
	2
	200
	8
	0.00 ( —)
	1.29 (-0.01)
	2.7 ( 0.00)
	1.33 ( 0.00)
	 0.31 ( 0.00)
	-0.67 ( 0.00)

	v3
	2
	200
	8
	0.00 ( —)
	1.81 ( 0.01)
	3.6 ( 0.05)
	1.72 ( 0.02)
	 0.08 ( 0.01)
	-1.92 (-0.02)

	v4
	2
	200
	8
	0.00 ( —)
	1.64 (-0.01)
	3.8 ( 0.05)
	2.34 ( 0.02)
	 1.10 ( 0.01)
	-0.30 ( 0.01)

	v5
	2
	200
	8
	0.00 ( —)
	0.92 (-0.02)
	3.4 ( 0.01)
	0.66 (-0.02)
	-0.77 ( 0.00)
	-1.60 ( 0.00)

	v6
	2
	200
	8
	0.00 ( —)
	1.83 (-0.02)
	3.2 ( 0.01)
	1.50 ( 0.00)
	 0.38 ( 0.01)
	-0.74 ( 0.00)

	v7
	2
	200
	8
	0.00 ( —)
	2.51 (-0.02)
	3.7 ( 0.02)
	3.02 ( 0.02)
	 0.06 ( 0.00)
	-3.11 ( 0.00)

	v8
	2
	200
	8
	0.00 ( —)
	2.26 (-0.02)
	4.0 ( 0.02)
	2.86 ( 0.00)
	 1.19 ( 0.00)
	-0.54 ( 0.00)

	v1
	1
	500
	8
	0.74 (-0.01)
	0.00 ( —)
	2.1 ( 0.00)
	0.36 (-0.01)
	-0.86 ( 0.00)
	-1.88 ( 0.00)

	v2
	1
	500
	8
	1.29 (-0.01)
	0.00 ( —)
	2.7 ( 0.01)
	1.33 ( 0.00)
	 0.31 ( 0.00)
	-0.67 ( 0.00)

	v3
	1
	500
	8
	1.80 ( 0.00)
	0.00 ( —)
	3.6 ( 0.01)
	1.69 (-0.01)
	 0.07 ( 0.00)
	-1.91 (-0.01)

	v4
	1
	500
	8
	1.64 (-0.01)
	0.00 ( —)
	3.8 ( 0.02)
	2.32 ( 0.00)
	 1.10 ( 0.01)
	-0.30 ( 0.01)

	v5
	1
	500
	8
	0.94 ( 0.00)
	0.00 ( —)
	3.4 ( 0.01)
	0.67 (-0.01)
	-0.78 (-0.01)
	-1.60 ( 0.00)

	v6
	1
	500
	8
	1.85 ( 0.00)
	0.00 ( —)
	3.2 ( 0.02)
	1.51 ( 0.01)
	 0.38 ( 0.01)
	-0.73 ( 0.01)

	v7
	1
	500
	8
	2.53 ( 0.00)
	0.00 ( —)
	3.7 ( 0.01)
	3.01 ( 0.01)
	 0.06 ( 0.00)
	-3.13 (-0.02)

	v8
	1
	500
	8
	2.28 ( 0.00)
	0.00 ( —)
	4.0 ( 0.00)
	2.86 ( 0.00)
	 1.19 ( 0.00)
	-0.55 (-0.01)

	v1
	2
	500
	8
	0.00 ( —)
	0.74 (-0.01)
	2.1 ( 0.00)
	0.36 (-0.01)
	-0.86 ( 0.00)
	-1.88 ( 0.00)

	v2
	2
	500
	8
	0.00 ( —)
	1.29 (-0.01)
	2.7 ( 0.01)
	1.33 ( 0.00)
	 0.31 ( 0.00)
	-0.67 ( 0.00)

	v3
	2
	500
	8
	0.00 ( —)
	1.80 ( 0.00)
	3.6 ( 0.01)
	1.69 (-0.01)
	 0.07 ( 0.00)
	-1.91 (-0.01)

	v4
	2
	500
	8
	0.00 ( —)
	1.64 (-0.01)
	3.8 ( 0.02)
	2.32 ( 0.00)
	 1.10 ( 0.01)
	-0.30 ( 0.01)

	v5
	2
	500
	8
	0.00 ( —)
	0.94 ( 0.00)
	3.4 ( 0.01)
	0.67 (-0.01)
	-0.78 (-0.01)
	-1.60 ( 0.00)

	v6
	2
	500
	8
	0.00 ( —)
	1.85 ( 0.00)
	3.2 ( 0.02)
	1.51 ( 0.01)
	 0.38 ( 0.01)
	-0.73 ( 0.01)

	v7
	2
	500
	8
	0.00 ( —)
	2.53 ( 0.00)
	3.7 ( 0.01)
	3.01 ( 0.01)
	 0.06 ( 0.00)
	-3.13 (-0.02)

	v8
	2
	500
	8
	0.00 ( —)
	2.28 ( 0.00)
	4.0 ( 0.00)
	2.86 ( 0.00)
	 1.19 ( 0.00)
	-0.55 (-0.01)

	v1
	1
	1000
	8
	0.75 ( 0.00)
	0.00 ( —)
	2.1 ( 0.01)
	0.37 ( 0.00)
	-0.86 ( 0.00)
	-1.89 (-0.01)

	v2
	1
	1000
	8
	1.30 ( 0.00)
	0.00 ( —)
	2.7 ( 0.01)
	1.33 ( 0.00)
	 0.30 (-0.01)
	-0.68 (-0.01)

	v3
	1
	1000
	8
	1.80 ( 0.00)
	0.00 ( —)
	3.6 ( 0.00)
	1.69 (-0.01)
	 0.06 (-0.01)
	-1.91 (-0.01)

	v4
	1
	1000
	8
	1.65 ( 0.00)
	0.00 ( —)
	3.8 ( 0.00)
	2.32 ( 0.00)
	 1.09 ( 0.00)
	-0.32 (-0.01)

	v5
	1
	1000
	8
	0.94 ( 0.00)
	0.00 ( —)
	3.4 ( 0.00)
	0.68 ( 0.00)
	-0.77 ( 0.00)
	-1.60 ( 0.00)

	v6
	1
	1000
	8
	1.85 ( 0.00)
	0.00 ( —)
	3.2 (-0.01)
	1.49 (-0.01)
	 0.36 (-0.01)
	-0.74 ( 0.00)

	v7
	1
	1000
	8
	2.51 (-0.02)
	0.00 ( —)
	3.7 (-0.03)
	2.98 (-0.02)
	 0.05 (-0.01)
	-3.11 ( 0.00)

	v8
	1
	1000
	8
	2.27 (-0.01)
	0.00 ( —)
	3.9 (-0.01)
	2.85 (-0.01)
	 1.19 ( 0.00)
	-0.54 ( 0.00)

	v1
	2
	1000
	8
	0.00 ( —)
	0.75 ( 0.00)
	2.1 ( 0.01)
	0.37 ( 0.00)
	-0.86 ( 0.00)
	-1.89 (-0.01)

	v2
	2
	1000
	8
	0.00 ( —)
	1.30 ( 0.00)
	2.7 ( 0.01)
	1.33 ( 0.00)
	 0.30 (-0.01)
	-0.68 (-0.01)

	v3
	2
	1000
	8
	0.00 ( —)
	1.80 ( 0.00)
	3.6 ( 0.00)
	1.69 (-0.01)
	 0.06 (-0.01)
	-1.91 (-0.01)

	v4
	2
	1000
	8
	0.00 ( —)
	1.65 ( 0.00)
	3.8 ( 0.00)
	2.32 ( 0.00)
	 1.09 ( 0.00)
	-0.32 (-0.01)

	v5
	2
	1000
	8
	0.00 ( —)
	0.94 ( 0.00)
	3.4 ( 0.00)
	0.68 ( 0.00)
	-0.77 ( 0.00)
	-1.60 ( 0.00)

	v6
	2
	1000
	8
	0.00 ( —)
	1.85 ( 0.00)
	3.2 (-0.01)
	1.49 (-0.01)
	 0.36 (-0.01)
	-0.74 ( 0.00)

	v7
	2
	1000
	8
	0.00 ( —)
	2.51 (-0.02)
	3.7 (-0.03)
	2.98 (-0.02)
	 0.05 (-0.01)
	-3.11 ( 0.00)

	v8
	2
	1000
	8
	0.00 ( —)
	2.27 (-0.01)
	3.9 (-0.01)
	2.85 (-0.01)
	 1.19 ( 0.00)
	-0.54 ( 0.00)


Note. — represents that the parameter was constrained in calibration. The item parameters for both groups were constrained to be equal, so only one set of group results are shown. The mean parameter estimate is shown with the bias estimate in parentheses.
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	Appendix Table 3.4
	
	
	
	
	
	
	

	Means and S.E.s by Scoring Approach (4 item)

	
	
	
	Control Mean
	Treat Mean
	
	
	Control SE
	Treat SE

	N
	Model
	 
	T1
	T2
	T1
	T2
	DiD
	
	T1
	T2
	T1
	T2

	100
	Gen.
	
	0.006
	0.097
	0.005
	0.157
	0.061
	
	0.141
	0.166
	0.141
	0.155

	100
	Sum
	
	0.000
	0.039
	-0.010
	0.096
	0.067
	
	0.141
	0.153
	0.144
	0.147

	100
	IRT
	
	0.000
	0.041
	-0.007
	0.082
	0.048
	
	0.123
	0.130
	0.121
	0.125

	100
	MIRT
	
	0.006
	0.099
	0.002
	0.162
	0.067
	
	0.125
	0.151
	0.122
	0.137

	200
	Gen.
	
	0.011
	0.115
	0.002
	0.151
	0.045
	
	0.100
	0.118
	0.099
	0.109

	200
	Sum
	
	0.000
	0.054
	-0.007
	0.093
	0.046
	
	0.100
	0.108
	0.100
	0.103

	200
	IRT
	
	0.000
	0.055
	-0.004
	0.085
	0.034
	
	0.085
	0.091
	0.083
	0.086

	200
	MIRT
	
	0.009
	0.114
	0.001
	0.150
	0.044
	
	0.089
	0.107
	0.085
	0.096

	300
	Gen.
	
	0.003
	0.110
	0.007
	0.149
	0.035
	
	0.081
	0.096
	0.081
	0.089

	300
	Sum
	
	0.000
	0.062
	0.005
	0.100
	0.033
	
	0.082
	0.088
	0.082
	0.084

	300
	IRT
	
	0.000
	0.059
	0.003
	0.090
	0.028
	
	0.068
	0.074
	0.068
	0.070

	300
	MIRT
	
	-0.004
	0.113
	0.001
	0.145
	0.027
	
	0.072
	0.087
	0.069
	0.078

	400
	Gen.
	
	0.003
	0.105
	-0.001
	0.147
	0.046
	
	0.071
	0.084
	0.071
	0.077

	400
	Sum
	
	0.000
	0.052
	-0.004
	0.093
	0.045
	
	0.071
	0.076
	0.071
	0.073

	400
	IRT
	
	0.000
	0.053
	-0.004
	0.086
	0.037
	
	0.059
	0.064
	0.059
	0.061

	400
	MIRT
	
	0.006
	0.109
	0.001
	0.148
	0.044
	
	0.061
	0.075
	0.060
	0.067

	500
	Gen.
	
	0.001
	0.101
	0.003
	0.148
	0.045
	
	0.063
	0.075
	0.063
	0.069

	500
	Sum
	
	0.000
	0.051
	0.001
	0.099
	0.047
	
	0.063
	0.068
	0.063
	0.065

	500
	IRT
	
	0.000
	0.052
	0.000
	0.091
	0.039
	
	0.053
	0.057
	0.052
	0.054

	500
	MIRT
	 
	-0.001
	0.102
	0.001
	0.148
	0.044
	 
	0.055
	0.067
	0.054
	0.060

	
	
	
	
	
	
	
	
	
	
	
	
	







	Appendix Table 3.5
	
	
	
	
	
	
	

	Means and S.E.s by Scoring Approach (10 item)

	
	
	
	Control Mean
	Treat Mean
	
	
	Control SE
	Treat SE

	N
	Model
	 
	T1
	T2
	T1
	T2
	DiD
	
	T1
	T2
	T1
	T2

	100
	Gen.
	
	0.007
	0.093
	0.011
	0.162
	0.065
	
	0.137
	0.165
	0.139
	0.154

	100
	Sum
	
	0.000
	0.051
	-0.011
	0.130
	0.090
	
	0.141
	0.161
	0.143
	0.152

	100
	IRT
	
	0.000
	0.060
	0.004
	0.103
	0.039
	
	0.123
	0.129
	0.122
	0.124

	100
	MIRT
	
	0.009
	0.092
	0.002
	0.180
	0.095
	
	0.132
	0.164
	0.131
	0.150

	200
	Gen.
	
	0.018
	0.115
	0.000
	0.154
	0.057
	
	0.099
	0.118
	0.101
	0.109

	200
	Sum
	
	0.000
	0.069
	-0.027
	0.105
	0.063
	
	0.100
	0.111
	0.101
	0.107

	200
	IRT
	
	0.000
	0.049
	0.001
	0.081
	0.031
	
	0.085
	0.091
	0.082
	0.086

	200
	MIRT
	
	0.028
	0.126
	0.001
	0.161
	0.062
	
	0.092
	0.110
	0.092
	0.103

	300
	Gen.
	
	0.009
	0.110
	0.002
	0.161
	0.058
	
	0.081
	0.095
	0.082
	0.090

	300
	Sum
	
	0.000
	0.073
	-0.012
	0.124
	0.063
	
	0.082
	0.090
	0.083
	0.086

	300
	IRT
	
	0.000
	0.054
	0.007
	0.092
	0.031
	
	0.069
	0.074
	0.067
	0.070

	300
	MIRT
	
	0.016
	0.116
	0.001
	0.164
	0.063
	
	0.074
	0.088
	0.075
	0.082

	400
	Gen.
	
	0.014
	0.115
	-0.010
	0.149
	0.058
	
	0.070
	0.083
	0.071
	0.077

	400
	Sum
	
	0.000
	0.067
	-0.025
	0.106
	0.064
	
	0.071
	0.079
	0.072
	0.075

	400
	IRT
	
	0.000
	0.046
	-0.001
	0.083
	0.038
	
	0.059
	0.065
	0.059
	0.061

	400
	MIRT
	
	0.028
	0.122
	0.001
	0.159
	0.064
	
	0.065
	0.078
	0.065
	0.072

	500
	Gen.
	
	0.003
	0.105
	0.006
	0.155
	0.047
	
	0.063
	0.074
	0.063
	0.070

	500
	Sum
	
	0.000
	0.076
	0.007
	0.128
	0.045
	
	0.063
	0.070
	0.063
	0.067

	500
	IRT
	
	0.000
	0.056
	0.011
	0.107
	0.040
	
	0.053
	0.057
	0.052
	0.055

	500
	MIRT
	 
	-0.006
	0.100
	0.001
	0.153
	0.046
	 
	0.059
	0.071
	0.058
	0.065

	
	
	
	
	
	
	
	
	
	
	
	
	





Supplemental Materials Section 4: Empirical Analyses
In the empirical study, item response data from a largescale RCT that examined the impact of the GREAT Families Program on student aggressive behavior (among other outcomes) were used.  The sample is from several states and includes over 5,000 students in the middle school grades.  The initial study found a positive and significant effect of the intervention on school norms for aggression, the outcome of interest in this empirical demonstration (Henry et al., 2012; Simon et al., 2009).  The intent of the empirical study is to see if standard errors for a treatment effect relative to that treatment effect do indeed differ by calibration and scoring approach in the ways shown in the simulations. 
Intervention Being Studied
	The GREAT Families Program is a 15-week intervention conducted in groups of 4–8 high-risk students and their parents (see Smith et al., 2004, for details). GREAT’s aim is to help families with child rearing within the constraints and opportunities of their social context. The program includes a Home-School Communication Plan wherein parents received weekly feedback from one of their child’s teachers on the child’s progress meeting academic and behavioral goals (Tolan et al., 2004). Participants were students at 37 school from four communities: Chicago; Durham, North Carolina; northeastern Georgia; and Richmond, Virginia. Additional details regarding school recruitment and community characteristics are reported in Henry and Farrell (2004). Students were randomized to one of four conditions: universal intervention, selective intervention, combined (universal and selective) intervention, and no-intervention control. Pre-intervention data were collected from Spring of the first year and compared to scores from Spring of the second year.  For the purposes of the empirical demonstration, we pooled together the three treatment conditions and compared these students to the students in the no-intervention control group.
Measures
	School norms for aggression were assessed using the Norms for Aggression and Alternatives scale (α = .80; for additional psychometric information, see Dymnicki et al., 2011). The School Norms for Aggression subscale was a shortened version of a scale developed by Henry, Cartland, Ruchross, and Monahan (2004) to measure students’ perceptions about whether peers at their school approved or disapproved of aggressive behaviors (e.g., “How would the kids at your school feel if a kid hit someone who hit first?”). Items with a similar format were developed to create a School Norms for Nonviolent Behavior scale (e.g., “How Would the kids at your school feel if a kid ignored a rumor that was being spread about him or her?”). The final measured used consisted of 10 items rated on a 3-point scale including the following response categories: 1 (disapprove), 2 (neutral), and 3 (approve).
Methods
	In parallel with the simulation studies, scores on the School Norms for Aggression subscale were produced using a unidimensional IRT model calibrated at pre-intervention using the control group only and the LM-MIRT model.  In addition, sum scores standardized relative to the mean and variance of the control group pre-intervention were used.  Treatment effects were estimated for these three sets of scores using a multilevel model that regressed post-intervention scores on pre-intervention scores and treatment status, and included a site random intercept.
Results
	Table 4.1 presents treatment effect estimates by calibration method (sum, IRT, and LM-MIRT) for the empirical data (all item responses were scored using EAP).  One should note that the construct of interest here is capturing an adverse behavior, thus a larger negative treatment effect represents an improvement for the treatment group.  Not unlike in the simulation studies, using a standardized sum score produced a treatment effect estimate that was ~20% lower than when using the LM-MIRT model.  Further, the sum score approach closely matches the treatment effect reported in Simon et al. (2009), which may indicate that the reported treatment effect understated the true treatment effect.  Also similar to the simulation studies, the other IRT-based approaches tended to produce treatment effects that were lower than those using sum scores and an LM-MIRT model.  Most relevant to the simulation studies, the confidence interval was smallest for the LM-MIRT given it produced smaller standard errors on the treatment effect than using the other scores.  In short, results from the empirical study are consistent with those from the simulation studies, indicating that standard errors on treatment effect estimates are smallest for the LM-MIRT.

	Table 4.1
	
	
	
	
	

	Estimated Treatment Effects from the Empirical Study

	Scoring Method 
	
	Est.
	 
	95% CI

	Standardized sum score
	
	-0.144
	
	-0.220
	-0.068

	Unidim. IRT
	
	-0.090
	
	-0.178
	-0.002

	LM-MIRT
	 
	-0.177
	 
	-0.242
	-0.112

	
	
	
	
	
	






Supplemental Materials Section 5: Effect Sizes Corrected for Attenuation
	Another possible way to attempt to make sum score results more comparable to those using IRT-based approaches when comparing mean differences between groups is to produce Cohen’s d effect sizes corrected for attenuation. This approach has been described in several places previously, including in Schmidt and Hunter (2014), and involves producing an effect size, converting it to a correlation (r), correcting for attenuation, then converting back to an effect size. Specifically, we rely on the following connections: 

and that

where a is a correction factor for the case of unequal sample sizes. 
Using these equations, we converted from an effect size using sum scores to a correlation, corrected it for attenuation, then converted back to d.  We took this approach only for the four-item scale because those reliabilities were lowest, in general. Further, since these analyses primarily serve as an illustration, we also only used a sample size of 1,000 and true mean difference of .25 SDs.
	Results show that, while effect sizes using the attenuation-corrected sum scores better match results using true scores, they were by no means identical. Table 5.1 below shows mean effect sizes using true scores, sum scores, and sum scores with the attenuation correction. Results tend to match better between true scores and attenuation-corrected effect sizes than when simply using sum scores.
Table 5.1 Effect Size Comparison
	Effect Size
	Mean
	SD
	Min.
	Max

	True Scores
	.189
	.044
	.069
	.286

	Sum Scores
	.138
	.042
	.025
	.276

	Attenuation-corrected
	.217
	.067
	.041
	.453



	Meanwhile, Figure 5.1 shows a scatterplot of the different effect sizes with true score effect sizes on the vertical axis (each point represents a different replication, with a total of 100). Similar to the table, sum score effect sizes tended to be lower than effect sizes using true scores, and effect sizes with the attenuation correction tended to be higher than when using true scores. Further, whereas none of the effect sizes using true scores exceeded .3 SDs, many of them did with the attenuation correction.
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