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The latent time-to-criterion (T2C) model is arguably a more policy action-oriented approach to 

modeling longitudinal data than the traditional intercept-slope growth model. However, despite 

their mathematical equivalence (in terms of model parameters), the traditional intercept-slope 

latent growth model and the latent time-to-criterion (T2C) latent models were hypothesized to 

differ in their parameter estimation performance due in part to typical attrition-type missingness 

in longitudinal studies that would uniquely affect the time-to-criterion (tau) parameter stability. 

To investigate this phenomenon, this dissertation used a Monte Carlo simulation that 

systematically varied attrition-type missingness, along with sample size, number of time points 

data is collected, pre-defined criterion levels, measure reliability, and growth rate variability. 

Simulation results showed that, in smaller sample sizes of N = 100, estimates of the time-to 



 
 

criterion (tau) factor and its predictor effect can be biased and suffer from lower power when 

missingness and growth rate variability are high. Further, these effects were exacerbated by poor 

scale reliability (i.e., α ≤ .4). Not surprisingly, sample size was also found to be the key predictor 

of bias in both parameters of interest: a sample size of at least N = 250 yielded parameter 

estimates with minimal to no relative bias or standard error bias as well as power close to or at 

100%. In the real data analysis, which used a subsample of publicly available data from the 

NCES Early Childhood Longitudinal Study 2010-2011 kindergarten cohort, both the traditional 

latent growth model and the latent T2C model were demonstrated as a concrete example of a 

scenario with a large sample size and modest attrition – a scenario in which the parameter 

estimates would not be expected to be biased. Concrete research design recommendations for 

applied researchers wishing to use the T2C model, as well as future research directions, are 

discussed. 

Keywords: latent time-to-criterion, latent growth model, longitudinal, attrition, missingness, 

measurement time points, heterogeneity, reliability  
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CHAPTER 1. 

Longitudinal Data Analyses and the Time-to-Criterion Model 

Longitudinal data can be analyzed a number of ways, but generally there are three 

approaches: the “traditional” intercept-slope growth model, the “time-to-criterion” survival 

model, and data-intensive “time-series” models that utilize cyclical/seasonal data for forecasting. 

The first type of analysis is often used in the social sciences to estimate mean trajectories of 

developmental processes, or the mean change in an outcome during or after an intervention 

period. The second is often used in the health sciences for the purpose of estimating the length of 

time required to reach a particular “event,” such as disease onset or recovery. The third is most 

often found in the natural sciences and finance market studies of data with numerous time points 

to estimate average trends, while taking regular cycles of outcome fluctuations into account. The 

present study is focused on investigating the second analytic approach because: 1) a time-to-

criterion (T2C) model may be more useful for policy-oriented social science research than the 

first approach; 2) intensive longitudinal data collection involving human subjects is more costly 

than natural phenomena (like financial market gains and losses), rendering the third approach 

less amenable for large-scale social science research; and 3) longitudinal studies involving 

people, especially vulnerable populations, are more prone to missingness due to attrition over 

time, which could have negative effects on T2C model estimates. 

More specifically, missingness over time due to natural attrition would not affect the 

intercept factor in a traditional intercept-slope growth model (assuming it is set to the first time 

point of data collection), but it would impact the estimate of the tau factor (time length estimate) 

in the T2C model. Thus, the present study seeks to help researchers plan their studies by 

investigating the optimal conditions under which the T2C model can provide accurate and 
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precise estimates for different levels of attrition-related missingness, total sample size, growth 

variability, number of time points of data collection, and measurement reliability. I assess this 

primarily using a Monte Carlo simulation (i.e., simulated data where the true values are known), 

and then also demonstrate the use of both the “traditional” intercept-slope and the T2C models 

with a subsample of child data from the publicly available U.S. Department of Education NCES 

Early Childhood Longitudinal Study, Kindergarten Class of 2010–11 dataset (Tourangeau et al., 

2015).  

Motivation and Educational Research Context 

To understand the extent to which the T2C model is in use in current social science 

research, I searched within the Academic Complete Search database for peer-reviewed journal 

articles focused on growth modeling. The specific search criteria were: 

• Publication dates: between January 2018 and December 2022 (i.e., the previous 

five years) 

• Must be peer-reviewed 

• Publication type: Academic journal 

• Document type: Full-text article 

• Language: English 

• Search terms: “growth model” or “growth curve model” or “longitudinal” 

• Once the total number of articles, I also further filtered the search to just those 

mentioning “time-to-criterion” OR “time to criterion” 

The search found 240,432 articles with any of the first set of search terms within the full 

text of the articles. Of these, only one paper mentioned or alluded to the T2C model – it is the 

article by Johnson and Hancock (2019), which provided inspiration for this dissertation study. 
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Thus, the T2C model is not currently being utilized the way it might be. To provide some context 

for the relevance of its use within education research, in the following sections I provide three 

possible areas that might benefit from utilizing the T2C as an analysis tool. I begin by discussing 

emergent bilingual student reclassification policy, followed by first-generation college students’ 

degree attainment, and ending with mastery-based learning. 

Context 1: Emergent Bilingual K-12 Students: Time-to-Reclassification 

Children whose home language is not English, also known as emergent bilingual (EB) 

students, often face more hurdles learning academic material in U.S. public schools. (Although I 

use the term “emergent bilingual” as an asset-oriented approach, other terms that have been used 

to characterize this group of learners includes English learners (ELs), English language learners 

(ELLs), and English as a second language students (ESLs).) While states can vary in their exact 

policies and procedures for serving EB students, the typical process is that students who score in 

a particular range on an English language proficiency test are placed into language support 

services that can range from language teaching services provided during certain periods within 

the mainstream classroom (less common) or by placing students in “EL-only” classrooms 

(Mavrogordato & White, 2017). Those who score above a certain threshold typically receive no 

services, and yet others may never be tested at all because parents can opt out of testing 

altogether. In any case, the language test itself is “high stakes” in that students may or may not 

receive language support services based on the score ranges used to make district/state policy 

(Cardenas, 2018).  

Importantly, students who are designated to receive language services are also typically 

tested annually to assess whether they are ready to “exit” services, a practice known as 

“reclassification” (Mavrogordato & White, 2017). By and large, the criteria for exiting EL 
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services depends on scoring in the “advanced” range on the annual test score (Pilger Suhr & 

Alonzo, 2021), although other factors such as teacher or parent advocacy can be considered 

(Pompa & Villegas, 2017). Nevertheless, there is a lack of standardized reclassification criteria 

across the U.S., likely due to states’ freedom in designing their own language assessments as part 

of the Every Student Succeeds Act (ESSA) signed into law in 2015 (Cardenas, 2018).  

Putting aside the inconsistencies across state assessments, Kim and Herman (2010) 

argued that there is a difference between reclassification and effective reclassification, where 

effective reclassification is shown by post-reclassification evidence of positive outcomes on 

school retention, state reading and mathematics tests, and passing assessments required for high 

school. In their comparative study of four school districts (two in New York and two in Canada), 

reclassified students can thrive in regular classrooms, but students who exit too early may fall 

behind peers in later grades (Kim & Herman, 2010; Robinson, 2011).  

In another study, Estrada and Wang (2018) analyzed data from two districts in California 

and found that a substantial number of EB students had met standardized test criteria for exiting 

the EL program but were inexplicably not reclassified. Such unfounded decisions to fail to 

reclassify students can lead to diminished opportunities to take more advanced coursework 

required for 4-year college access (Callahan, 2005; Harklau, 2002; Robinson, 2011; U.S 

Department of Education, 2016). To that point, Johnson (2020) examined how reclassification at 

the middle-to-high school transition point affected students’ on-track status to high school 

graduation for a large California school district. One of the key findings was that reclassification 

by the eighth grade increased students’ chances of being on track to graduate high school 

(Johnson, 2020).  
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As Kim and Herman (2010) pointed out, there is tension between assuring that EB 

students have sufficient English development support to thrive in mainstream classrooms, and 

avoiding the potential negative consequences of spending too much time on English supports and 

therefore receiving reduced access to the rigorous subject content in mainstream. Hence, 

studying the optimal time-to-reclassification using the T2C model could help to contribute 

meaningfully to solving this dilemma. Knowing the best timeframes for this reclassification (with 

confidence intervals) would provide educators and policymakers with some understanding of 

how quickly EB students can be reasonably expected to enter mainstream classrooms (Hakuta, 

Butler, & Witt, 2000; Motamedi et al., 2016) as well as help identify EB students who may need 

additional supports prior to reclassification (Kieffer & Parker, 2016; Motamedi et al., 2016; 

Parrish et al., 2006).  

Context 2. First-Generation College Students: Time-to-Degree Completion 

Another substantive area where T2C models may make more sense than traditional 

intercept-slope models include first-generation college student success. Research has shown that 

first-generation (Gen-1) college students face more barriers to college access and success 

compared to continuing-generation (Gen-C) peers (Nuñez & Cuccaro-Alamin, 1998). To be 

clear, Gen-1 status may be defined as students for whom both parents never attended college, 

although there are competing definitions, such as students for whom both parents may have 

attended college but never completed a degree (Lundberg et al., 2007), as well as students for 

whom both parents may have completed a two-year Associate’s degree, but not a four-year 

Bachelor’s degree (Garriot, 2020). Irrespective of the definition, the major (intrinsic) difference 

between Gen-1 and Gen-C college students is parental education level, and the financial and 

social resources associated with education. 
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Even when Gen-1 students are accepted into more selective colleges, they typically 

choose to attend less selective institutions because of the price tag, whereas Gen-C students are 

less likely to worry about the cost of a college education since they may have more financial 

resources to begin with, or have accepted the idea of student loan debt if their parents 

successfully navigated such loans (Berkner & Chavez, 1997; Chen, 2005; Choy, 2001; Fentress 

& Collopy, 2011; Inman & Mayes, 1999; Lohfink & Paulsen, 2005; Nuñez & Cuccaro-Alamin, 

1998; Pascarella et al., 2004; Terenzini et al, 1996; Somers et al, 2004; Volle & Federico, 1997; 

Warburton et al., 2001).  

Once a college is chosen, Gen-1 students also tend to face barriers in participating in 

campus activities and attending their classes due to unmet financial needs (Engle, 2007; Inman & 

Mayes, 1999; Lundberg et al., 2007; Mcdossi et al., 2022; Mehta et al., 2011; Nuñez & Cuccaro-

Alamin, 1998; Paulsen & St. John, 2002; Penrose, 2002; U.S. Department of Education, 2001) as 

well as the multiple roles that Gen-1 students may have at home such as caring for their parents 

or being parents themselves (Kim et al., 2010; Zwerling, 1992), especially for students from 

historically marginalized backgrounds (Oseguera et al., 2009). To compound matters, because 

Gen-1 students may have graduated from under-resourced secondary schools and/or may also be 

linguistic minorities, they may be required to take added coursework to meet college class pre-

requisites, which in turn creates increased expenses and greater time to degree completion 

compared to Gen-C peers (e.g., Harrell & Forney, 2003). Indeed, Engle and Tinto (2008) found 

that Gen-1 students attending two-year colleges were five times less likely than Gen-C peers to 

transfer to four-year institutions and attain a Bachelor’s degree within a six-year timeframe 

(Engle and Tinto, 2008).  
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Within this context, a T2C data analysis approach may be more useful than typical 

growth models if regular degree progress indicators, such as credits earned as well as students’ 

self-efficacy perceptions of their own academic progress, could be used to estimate the length of 

time needed for students to successfully complete their degree, or perhaps the time it takes for 

feeling a strong sense of efficacy that they are moving forward in their education. Such 

information could then be applied to monitor future students, especially Gen-1 students, for 

identifying those who may need additional tiers of support to stay on track for completing their 

degree on time. 

Context 3. Individualized Learning: Time-to-Mastery 

A third example of the potential for T2C to be more useful than traditional growth 

models is in the context of focusing on learning for mastery, rather than to be rank-ordered in 

achievement tests. Currently, the K-12 education system in the U.S. predominantly follows a 

traditional, fixed time-based curriculum – meaning students are expected to spend a fixed 

amount of time in each grade before advancing to the next grade (Ofgang, 2021). However, even 

in the 1960s researchers such as Bloom (1968) and Carroll (1963) noted that traditional 

instructional formats would not fully allow for individual-based academic progress. Indeed, the 

1960s also saw the emergence of the idea of mastery-based learning, which is also known as 

“personalized learning” and “competency-based learning” (Lee, 2014). Although No Child Left 

Child Behind 2002 is no longer in effect, this federal initiative and related educational reforms in 

states and school districts in the early 2000s have partially powered the resurgence of the idea of 

tending to the learning needs of individual students (Twyman, 2014). Indeed, in the past two 

decades, the importance of mastery-based learning has been gaining more recognition for 
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adapting education curricula to diverse learners (Collins & Halverson, 2009a, b; Friedman, 2006; 

McCombs, 2008; Miliband, 2006; Reigeluth & Karnopp, 2013). 

It should be noted the focus of mastery-based learning is on the student’s individual 

progress and whether they have mastered a certain competency, not how they perform compared 

to their peers (Mammadov & Hertzog, 2021). As such, within the mastery-based learning 

framework, a criterion-referenced assessment (CRA) gauging student progress on a given 

competency or skill would be used to evaluate learning progress (Lee, 2014; Thorndike and 

Thorndike-Christ, 2010). Here again is a situation where a time-to-criterion analysis would be 

useful for evaluating the mean length of time needed to reach particular competencies, rather 

than simply the growth in overall knowledge. Such information could inform reasonable 

expectations around individual differences in the time needed for concept mastery, as well as 

student characteristics that are predictive of the time length needed, in order to successfully plan 

individualized instruction. 

The T2C Model 

Though survival analysis methods have enjoyed a long history of use in health sciences 

research, the typical survival analysis model does not account for variation in individual 

trajectories and also does not consider continuous outcomes such as rating scales and total 

scores. Quite recently, Johnson and Hancock (2019) filled this gap by proposing a latent T2C 

model that marries the typical survival analysis model with the “traditional” intercept-slope 

growth model involving continuous outcomes, while also taking measurement error into account. 

Below I review the traditional latent intercept-slope growth model, and then turn to the newer 

latent T2C model. 
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Traditional Latent Intercept-Slope Growth Model 

In the structural equation modeling (SEM) framework, a traditional latent intercept-slope 

growth model can be specified as follows. 

𝐲𝒋 = 𝛖 + 𝚲𝜼𝒋 + 𝒋                     (1) 

In the model above, the vector of outcomes y for person j measured at t time points (i = 

0,1,2,3…t-1) is a function of a vector of intercepts υ (t x 1 vector often fixed to 0 to identify the 

intercept and growth factor means1; a t x P matrix of factor loadings Λ, where P = the number of 

growth factors (usually constrained to a design matrix layout within which the first column is 

fixed to 1 and the next column is fixed to t (if the first time point is serving as the reference for 

the intercept, t may be coded t-1); a p x 1 vector of weights ηj = i and j with distribution ηj ~ 

N(μ,Σ)); and a t x 1 vector of time point-specific errors εj with distribution εj ~ N(0,Θ). The t x t 

covariance matrix Θ is typically fixed to assume local independence for person j across t time 

points, conditional on the latent factors ηj as follows: 

  Θ = [
θ0

0 …
0 0 θt−1

]. 

Perhaps a more intuitive understanding of latent models can be seen using path diagrams. 

For a general SEM model, the path diagram in Figure 1 is an example with two factors and six 

indicators, with the focal interest on estimating the factor loadings (and not on the factor means). 

The measurement scenario in Figure 1 can be customized to other contexts; these two factors can 

represent any chosen latent constructs, the number of indicators can vary, and different 

 
1 The intercept factor mean is the estimated mean value of Y for the time point coded 0, which is often (but not 

always) the first time point at which Y was measured; the growth factor mean, if assumed linear, is defined as the 

estimated mean change in Y for each one-unit increase in time. The difference between the SEM and univariate 

random effects (multilevel) approaches is that the SEM approach takes the measurement error of Y at each time 

point into account, rather than assuming the error variance is homogenous across time points. 
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constraints can be placed on the model. Figure 2, a specific case of how the general SEM model 

can be customized, is adapted from Preacher et al. (2010) and illustrates a latent linear growth 

model for a scenario with five time points. In the diagram, both the intercept (estimated value of 

the outcome when t = 0) and the slope (estimated change in the outcome for each unit increase in 

time) are symbolized in ovals because they are latent, or unobserved, while the outcomes (yi) are 

our observed data symbolized as boxes. The five observed outcomes are assumed to be caused 

by both the intercept and the slope, as indicated by the arrows or “paths” from each factor to 

each observed variable. The error term is unspecified as it is free to vary (i.e., be estimated 

separately) for each time point, which essentially provides us with structural model estimates 

(the means, variances, and covariances among the latent variables) that are separate from 

observed variable measurement error (the residual error variance at each time point).  

Figure 1 

Path Diagram of a General 2-Factor Latent Variable Model 
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Importantly, in all structural equation models, the scales of the latent variables depend on 

how we relate the observed variables to them, as well as our assumptions about the latent 

variables themselves (i.e., a latent variable need not be a normal distribution). In a confirmatory 

factor analysis SEM, for example, we might assume the latent variables are unit normal and only 

be interested in how the observed variables relate to the latent variables via their loadings (path 

coefficients), or the relationships (covariation) among the latent variables themselves. In SEM 

growth modeling, however, we are interested in estimating the latent means and variances, and to 

accomplish this, we must put in place model constraints. Compared to regular latent variable 

models in which path coefficients are estimated, in latent growth models, the paths are (typically) 

constrained or “fixed” to reflect the structure of the data. In Figure 2, the paths from the intercept 

to each observed variable are constrained to 1, and the paths from the slope to each observed 

variable reflect the time point and distance of the measurements. This specification forces the 

estimation of the mean of the intercept to be the estimated mean at the first time point (because it 

has no relationship with the slope per our specification), and the slope mean to be the estimated 

change in the outcomes per one year increase in time. 
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Figure 2 

Path Diagram of Hypothetical 2-Factor Latent (Traditional) Intercept-Slope Growth Model 

 

Lastly, I wish to make a few other points of clarification. For brevity throughout this 

paper, the term “linear” is used because it is assumed that the effect of time on the outcome is 

linear/additive, and not some other polynomial or piecewise form (such models would 

incorporate additional latent factor(s) to represent the functional growth form assumed). Also, 

again for brevity, for the remainder of this paper, the focus is limited to observed variables 

assumed to be (conditionally) multivariate normally distributed, and equidistantly measured. 

Such assumptions can be relaxed in more complex model specifications. 
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Latent Time-to-Criterion (T2C) Growth Model 

Recently, Johnson & Hancock (2019) mathematically reparameterized the traditional 

latent intercept-slope model as a latent time-to-criterion model (T2C) by sacrificing the intercept2 

(α𝑗) with the expression: (𝑐 − β𝑗𝑗), where c is a predefined (known) criterion of the outcome 

(yij). To implement the model, the elements of the υ and Λ matrices in (Eq. 1) are altered to 

accommodate the estimation of τ rather than α. The resulting model equation is as follows. 

[

𝑦0𝑗

…
𝑦(𝑡−1)𝑗

]  =  [

𝑐 − μβμτ

…
𝑐 − μβμτ

]  +  [

0 − μ𝜏 −μβ

… …
𝑇(𝑡−1)−μτ

−μβ

] [
βj

τj
]  +  [

ε0𝑗

…
ε(𝑡−1)𝑗

]  (2) 

As can be seen in Eq. 2 and Figure 3, to make the model identifiable, constraints on the factor 

loadings and item intercepts have to be updated such that 1) the factor loadings of τ must be 

fixed to −μβ, which is the negative value of the estimated growth rate factor mean, and 2) the 

factor loadings of β must be fixed to ti – µ, which is the difference between time point i minus 1 

(𝑡𝑖 − 1) and the estimated tau factor mean (µ). Lastly, the item intercepts must be fixed to a 

constant value of 𝑐 − μβμτ (not shown in the figure)3.  

 

 

 

 

 

 

 

 
2 Note that an alternative formulation could also be to sacrifice the growth rate to estimate the intercept instead, if 

the intercept is of more interest; see Johnson and Hancock (2019, p. 694) for further details. 
3 Again, this assumes the intercept is set at the first time point. Other specifications exist. 
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Figure 3 

Path Diagram of Hypothetical Latent T2C Model 
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Missingness due to attrition. In any model that employs full information maximum 

likelihood (FIML) model estimation, which includes most SEMs with normally distributed 

indicators, parameters are estimated using the observed variance-covariance matrix based on all 

cases, rather than the listwise/casewise deletion used in ordinary least squares (OLS) and 

restricted maximum likelihood (REML) estimation. The full information maximum likelihood 

(FIML) approach is preferred over the OLS/REML approach in terms of better statistical 

power/precision; however, both methods yield unbiased parameter estimates if the data can be 

assumed to be missing completely at random (MCAR) or just missing at random (MAR) (e.g., 

Enders & Bandalos, 2001; Kenward & Molenberghs, 1998)4. MCAR refers to situations where 

missingness on a given outcome, y, is not systematically related to values of the y variable (e.g., 

individuals with higher skill deficits do not have more missing data on that skill), nor any other 

known variable, observed or unobserved (e.g., individuals classified as part of a particular 

subgroup, x, do not have more missing data on the focal skill, y). MAR, on the other hand, allows 

for the latter situation, so long as the external variable related to missingness is measured and 

included in the model.  

Both MCAR and MAR can plausibly occur in a longitudinal study. For example, MCAR 

can happen when a study allows new individuals to enter or leave the study at any time point, 

particularly if a study is focused on change over time for a specific physical space like a 

particular school or clinic where people tend to come and go. However, MAR is more likely to 

occur when only one cohort of individuals is followed over time; the longer the study goes on, 

the more attrition is likely. In the case of missingness due to time (i.e., attrition), as long as 

“time” is a variable included in the model (i.e., as it is in growth models), MAR can be assumed. 

 
4 Missingness is considered not at random (MNAR) when the missingness mechanism was not measured or included 

in the model; in such cases, model parameter estimate biases can occur (Rubin, 1976). 
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Despite the advantage of using FIML estimation over casewise/listwise deletion, any presence of 

missing data naturally adds uncertainty to model parameter estimates because the quality of the 

variance-covariance information is weighted by the sample size of the matrix elements. In turn, 

any missingness can yield larger parameter standard errors than would occur if complete data on 

all cases were available. In short, power and precision for parameter estimates can still be 

reduced, even using FIML (Enders & Bandalos, 2001). The present study seeks to understand 

how much missingness due to attrition can be tolerated in the T2C model for estimating the time-

to-criterion factor τ as well as predictors of tau, since its estimation relies on the estimated slope 

value, which in turn relies on available information across time points. 

Criterion placement. The selection of the criterion level (which must be set a priori to 

estimate the time it takes to achieve that level) will depend on the intensity of the study. For a 

typical norm-referenced assessment with M = 100 and SD = 15, a small “effect” criterion would 

be approximately a 5-point increase (1/3 of a standard deviation gain from the starting point), 

whereas a large effect might be a 15-point increase (1 standard deviation from the starting point). 

It was surmised that the placement of the criterion will likely be a key factor for researchers 

planning their studies. Thus, the present study seeks to understand how the criterion placement 

may interact with other design considerations for optimal parameter estimation accuracy and 

precision for the T2C model. 

Sample size at study onset. In multivariate models, sample size (number of individuals 

measured) tends to matter more than in univariate models because of the relatively larger number 

of parameters being estimated. Rules of thumb have recommended anywhere from greater than N 

= 100 up to N = 1000 (e.g., Comrey & Lee, 1992; Gorsuch, 1983; Guilford, 1954; Kline, 1979), 

Others focus more on the ratio of individuals per observed variable in the model, with 
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recommendations ranging from 2 individuals per variable up to 20 individuals per variable 

(Pituck & Stevens, 2016, p. 347). The present study seeks to understand how the total sample 

size at the onset of a study may interact with other design considerations for optimal parameter 

estimation accuracy and precision for the T2C model. 

Number of time points data is collected. Because growth modeling involves multiple 

time points, the number of time points is an integral part of the “sample size” consideration. 

Specifically, the variance-covariance matrix used in estimating the model treats time points as 

observed variables that are indicators of the latent factors. For model identifiability, the 

minimum number of variables per factor in any SEM is three; as such, three is the minimum 

number of time points needing to be measured for estimating any two-factor growth model 

(whether it be the traditional intercept-slope or the slope-tau T2C model). Further, the more 

correlated measurements across time are with each other (i.e., the greater the correlation between 

scores of any two randomly selected time points for a given individual), the more time points are 

needed for estimation precision (Hecht & Zitzmann, 2020). As such, the present study seeks to 

understand how the T2C model parameter estimates behave for different numbers of time points 

measured, in conjunction with missingness and sample size considerations. 

Growth rate variability. In growth modeling, variance in individual rates of change 

(i.e., the slope variance) can range from little to none when everyone has nearly the same rate of 

change, to quite variable in the case of response to intervention for a heterogeneous sample. 

Growth modeling flexibly allows for the inclusion of predictors of growth for testing the extent 

to which differences in growth rates are related to key variables. In the T2C model, researchers 

will likely not only wish to test predictor effects on growth rates, but also predictor effects on the 

time-to-criterion factor, τ. The present study therefore seeks to understand how growth rate 
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(slope) variability interacts with missingness, sample size, and number of time points on the T2C 

model parameter estimates. 

Measure reliability. Last but not least, some applied researchers may not be aware that 

the reliability of observed measures contributes directly to the precision of model estimates: the 

more reliable a measure is, the more precise the estimates of the model parameters. In other 

words, less reliable measures may require much larger sample sizes and time points than more 

reliable measures to achieve optimal parameter estimate precision. Thus, the present study seeks 

to understand how measurement reliability interacts with missingness, sample size, number of 

time points, and growth variability on the T2C model parameter estimates. 
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CHAPTER 2. 

Monte Carlo Simulation Study 

Method 

Data Generation 

Data was generated using a traditional latent growth model using Mplus 8 (Muthén & 

Muthén, 1998/2017) within the MplusAutomation package in R (Hallquist & Wiley, 2018). Other 

assumptions included equidistant time points, normally distributed with M = 100 (SD = 15) to 

approximate a typical norm-referenced assessment. The true average growth rate, j, was 

assumed linear at M = 2 points per year, and the true effect of one predictor (normally distributed 

with M = 0, SD = 1) was set to have a 1 point-per-point increase on the intercept and slope. The 

following conditions were varied: 

1. Missingness: Four levels included: 0% missing, 10% per year, 20% per year, and 

30% per year (accumulating over time).  

2. T2C tau factor: Four levels of the time-to-criterion factor (j) included: 2.5, 5.0, 7.5, 

and 10.0 units of time from study onset. In our context, this respectively translates to 

a criterion: 

• c = 105 points (0.33 standard deviation of increase between intercept and the 

criterion; (105 – 100) ÷15 = 5 ÷ 15) 

• c = 110 points (0.67 standard deviation of increase between intercept and 

criterion; (110 – 100) ÷15 = 10 ÷ 15) 

• c = 115 points (1 standard deviation of increase between intercept and 

criterion; (115 – 100) ÷15 = 15 ÷ 15) 
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• c = 120 points (1.33 standard deviations of increase between intercept and 

criterion; (120 – 100) ÷15 = 20 ÷ 15) 

3. Sample size at study onset: Five levels included: N = 100, 250, 500, 1000, and 5000, 

chosen to reflect small- and relatively large-scale policy research.  

4. Number of time points: Three levels included: t = 3, 5, and 50 indicators chosen to 

reflect minimum, typical, and time-intensive types of data collection used in 

longitudinal studies. 

5. Slope heterogeneity: Four levels included: Var = 0, 1, 4, 9, chosen to reflect SD = 0, 

1, 2, and 3 points relative to the mean slope = 2 points, in order to capture different 

ratios of the mean growth rate relative to growth rate heterogeneity (i.e., 2:0, 2:1, 2:2, 

and 2:3, respectively).  

6. Measure reliability: Three levels included: Cronbach’s alpha = .4, .6, and .8 

reliability, induced by setting the residual error variance to (1 – reliability)*(σ2 = 225) 

to reflect poor, modest, and better reliability levels, respectively. 

Analysis Plan 

For each of the 4 x 4 x 5 x 3 x 4 x 3 = 2880 conditions, 1,000 replications were 

generated5. Each of these datasets were analyzed with a traditional latent intercept-slope growth 

model and the latent T2C model. The results focus on the relative bias and empirical bias in the 

point and standard error estimates for T2C model parameters (the means for the intercept and tau 

factors, as well as the predictor effects on each). Descriptive statistics and data visualization are 

reported for use in evaluating the research questions. Parameter point estimate bias exceeding 

 
5 For the 50-indicator model, 200 replications, rather than 1,000, were used due to the required computing memory 

size and length of time needed to analyze the datasets. I do not believe there will be any change in the substantive 

patterns, but for publication I will increase this amount to 1,000 for better precision of simulation estimates. 
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±5% and standard error estimate bias exceeding ±10% are considered cause for concern 

(Hoogland & Boomsma, 1998). 

Results 

As a check on the simulation process, parameter bias, standard error bias, and power 

were tabulated for the growth factors and their predictors for the traditional latent growth model 

(the data generating function) by missingness and selected sample size (collapsed across other 

conditions). Those results are given in Tables 1, 2, and 3 on the following pages. As can be seen, 

as sample size increased there was no bias in any of the parameter or standard error estimates, 

and power grew higher (as would be expected). 

For comparison against the traditional growth data generating model, the average 

parameter point estimate bias, standard error bias, and power by missingness for selected sample 

sizes (again, results are collapsed across all levels of other design conditions like criterion, time 

points, slope heterogeneity, and measure reliability) for the T2C model are provided in Tables 4, 

5, and 6. As will readily be seen, the growth estimates are identical to those for the traditional 

growth model. More interestingly, there were marked effects of missingness on the T2C-specific 

parameters compared to the sacrificed intercept parameter of the traditional growth model. 

Before examining each of the design facets, an analysis of variance was conducted on the T2C 

results with the design conditions serving as main effects (and all two-way interactions).  

Design conditions with large effect sizes (i.e., 𝜂𝑝
2 ≥ 0.14) were as follows. For tau, the 

main drivers of tau parameter bias were sample size (𝜂𝑝
2 = 0.80), number of indicators (𝜂𝑝

2 = 

0.50), missingness (𝜂𝑝
2 = 0.50), slope heterogeneity (𝜂𝑝

2 = 0.33), and measure reliability (𝜂𝑝
2 = 

0.24), whereas only sample size (𝜂𝑝
2 = 0.42) and number of indicators (𝜂𝑝

2 = 0.20) predicted 

parameter standard error bias. Power was similarly predicted by sample size (𝜂𝑝
2 = 0.69), but also 
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by criterion level (𝜂𝑝
2 = 0.36). For the predictor of tau, the main predictors of bias were sample 

size (𝜂𝑝
2 = 0.65), missingness (𝜂𝑝

2 = 0.28), and number of indicators (𝜂𝑝
2 = 0.18). Standard error 

bias was similarly predicted by sample size (𝜂𝑝
2 = 0.54) and number of indicators (𝜂𝑝

2 = 0.32). 

Comparatively, sample size was also the chief driver for power (𝜂𝑝
2 = 0.90), but number of 

indicators (𝜂𝑝
2 = 0.41) as well as missingness (𝜂𝑝

2 = 0.33) also had a large effect on this parameter 

estimate. 

Table 1 

Traditional Growth Model: Relative Bias Results on Selected Conditions 

 

n  = 100 n  = 250 n  = 5000

Mean Intercept

Missing Rate = 0% 0.02 0.00 0.00

Missing Rate = 10% 0.08 0.03 0.00

Missing Rate = 20% 0.09 0.03 0.00

Missing Rate = 30% 0.08 0.04 0.01

Mean Growth Rate

Missing Rate = 0% -0.05 -0.22 0.00

Missing Rate = 10% -0.94 -0.60 -0.02

Missing Rate = 20% -1.21 -0.13 -0.09

Missing Rate = 30% -1.63 -0.85 -0.05

Predictor Effect on Intercept

Missing Rate = 0% 6.61 3.24 -0.38

Missing Rate = 10% 12.03 5.19 -0.53

Missing Rate = 20% 11.15 1.44 -0.11

Missing Rate = 30% 12.14 5.41 -0.56

Predictor Effect on Growth Rate

Missing Rate = 0% 0.29 -0.49 -0.05

Missing Rate = 10% 0.97 -0.23 -0.05

Missing Rate = 20% 0.85 0.40 0.06

Missing Rate = 30% 1.97 0.57 -0.16

Sample Size
Parameter

Note.  Results are irrespective of indicators, slope heterogeneity, and 

measure reliability.  Relative bias is presented as percentages (%).  3- 

and 5-indicator models had 1000 replications, but 50-indicator models 

had 200 replications.
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Table 2 

Traditional Growth Model: Standard Error Bias Results on Selected Conditions 

 

 

 

 

 

 

 

 

n  = 100 n  = 250 n  = 5000

Mean Intercept

Missing Rate = 0% 0.96 1.01 1.00

Missing Rate = 10% 1.00 1.00 0.99

Missing Rate = 20% 0.99 1.00 1.01

Missing Rate = 30% 1.00 1.00 0.99

Mean Growth Rate

Missing Rate = 0% 0.98 0.99 1.00

Missing Rate = 10% 0.97 0.99 1.02

Missing Rate = 20% 0.98 1.00 0.98

Missing Rate = 30% 0.93 0.99 1.01

Predictor Effect on Intercept

Missing Rate = 0% 0.98 0.99 0.99

Missing Rate = 10% 0.99 0.96 1.00

Missing Rate = 20% 1.00 0.99 1.03

Missing Rate = 30% 1.00 0.97 1.01

Predictor Effect on Growth Rate

Missing Rate = 0% 0.97 0.99 1.01

Missing Rate = 10% 0.98 0.99 1.02

Missing Rate = 20% 0.95 0.97 1.02

Missing Rate = 30% 0.96 0.99 0.99

Parameter
Sample Size

Note.  Results are irrespective of indicators, slope heterogeneity, and 

measure reliability.  Standard error bias is presented as percentages 

(%).  3- and 5-indicator models had 1000 replications, but 50-indicator 

models had 200 replications.
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Table 3 

Traditional Growth Model: Power Results on Selected Conditions 

 

 

 

 

 

 

 

 

n  = 100 n  = 250 n  = 5000

Mean Intercept

Missing Rate = 0% 1.00 1.00 1.00

Missing Rate = 10% 1.00 1.00 1.00

Missing Rate = 20% 1.00 1.00 1.00

Missing Rate = 30% 1.00 1.00 1.00

Mean Growth Rate

Missing Rate = 0% 1.00 1.00 1.00

Missing Rate = 10% 0.99 1.00 1.00

Missing Rate = 20% 0.97 1.00 1.00

Missing Rate = 30% 0.91 1.00 1.00

Predictor Effect on Intercept

Missing Rate = 0% 0.11 0.18 0.98

Missing Rate = 10% 0.11 0.18 0.99

Missing Rate = 20% 0.12 0.18 0.99

Missing Rate = 30% 0.11 0.18 0.99

Predictor Effect on Growth Rate

Missing Rate = 0% 0.84 0.98 1.00

Missing Rate = 10% 0.77 0.95 1.00

Missing Rate = 20% 0.67 0.90 1.00

Missing Rate = 30% 0.59 0.83 1.00

Parameter
Sample Size

Note.  Results are irrespective of indicators, slope heterogeneity, and 

measure reliability.  3- and 5-indicator models had 1000 replications, but 

50-indicator model had 200 replications.



CHAPTER 2: MONTE CARLO SIMULATION STUDY  

25 
 

Table 4 

T2C Model: Relative Bias Results on Selected Conditions 

 

 

 

 

 

 

 

 

n  = 100 n  = 250 n  = 5000

Mean Tau

Missing Rate = 0% 2.08 1.09 0.05

Missing Rate = 10% 3.63 1.47 0.02

Missing Rate = 20% 5.77 1.67 0.14

Missing Rate = 30% 10.93 3.55 0.11

Mean Growth Rate

Missing Rate = 0% -0.04 -0.22 0.00

Missing Rate = 10% -0.92 -0.61 -0.02

Missing Rate = 20% -1.09 -0.13 -0.09

Missing Rate = 30% -1.21 -0.85 -0.06

Predictor Effect on Tau

Missing Rate = 0% 8.67 3.17 0.02

Missing Rate = 10% 17.83 5.42 0.02

Missing Rate = 20% 28.83 6.70 0.43

Missing Rate = 30% 55.84 13.20 0.18

Predictor Effect on Growth Rate

Missing Rate = 0% 0.29 -0.49 -0.05

Missing Rate = 10% 0.96 -0.23 -0.05

Missing Rate = 20% 0.81 0.40 0.06

Missing Rate = 30% 1.92 0.58 -0.16

Parameter
Sample Size

Note.  Results are irrespective of indicators, criterion, slope 

heterogeneity, and measure reliability.  Relative bias is presented as 

percentages (%).  3- and 5-indicator models had 1000 replications, but 

50-indicator models had 200 replications.
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Table 5 

T2C Model: Standard Error Bias Results on Selected Conditions 

 

 

 

 

 

 

 

 

n  = 100 n  = 250 n  = 5000

Mean Tau

Missing Rate = 0% 0.96 0.99 1.00

Missing Rate = 10% 0.96 0.98 0.99

Missing Rate = 20% 0.91 0.96 0.99

Missing Rate = 30% 0.91 0.94 0.98

Mean Growth Rate

Missing Rate = 0% 0.98 0.99 1.00

Missing Rate = 10% 0.97 0.99 1.02

Missing Rate = 20% 0.99 1.00 0.98

Missing Rate = 30% 0.95 0.99 1.01

Predictor Effect on Tau

Missing Rate = 0% 0.95 0.98 1.01

Missing Rate = 10% 0.87 0.98 1.01

Missing Rate = 20% 0.79 0.94 0.98

Missing Rate = 30% 0.79 0.89 0.98

Predictor Effect on Growth Rate

Missing Rate = 0% 0.97 0.99 1.01

Missing Rate = 10% 0.98 0.99 1.02

Missing Rate = 20% 0.95 0.97 1.02

Missing Rate = 30% 0.96 0.99 0.99

Parameter
Sample Size

Note.  Results are irrespective of indicators, criterion, slope 

heterogeneity, and measure reliability.  Standard error bias is presented 

as percentages (%).  3- and 5-indicator models had 1000 replications, 

but 50-indicator models had 200 replications.
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Table 6 

T2C Model: Power Results on Selected Conditions 

 

 

 

 

 

 

 

n  = 100 n  = 250 n  = 5000

Mean Tau

Missing Rate = 0% 0.97 1.00 1.00

Missing Rate = 10% 0.96 1.00 1.00

Missing Rate = 20% 0.93 1.00 1.00

Missing Rate = 30% 0.88 1.00 1.00

Mean Growth Rate

Missing Rate = 0% 1.00 1.00 1.00

Missing Rate = 10% 0.99 1.00 1.00

Missing Rate = 20% 0.97 1.00 1.00

Missing Rate = 30% 0.92 1.00 1.00

Predictor Effect on Tau

Missing Rate = 0% 0.62 0.95 1.00

Missing Rate = 10% 0.50 0.91 1.00

Missing Rate = 20% 0.39 0.82 1.00

Missing Rate = 30% 0.31 0.68 1.00

Predictor Effect on Growth Rate

Missing Rate = 0% 0.84 0.98 1.00

Missing Rate = 10% 0.77 0.95 1.00

Missing Rate = 20% 0.67 0.90 1.00

Missing Rate = 30% 0.59 0.83 1.00

Parameter
Sample Size

Note.  Results are irrespective of indicators, criterion, slope 

heterogeneity, and measure reliability.  3- and 5-indicator models had 

1000 replications, but 50-indicator models had 200 replications.
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There was no bias for the slope factor nor the predictor effect on the slope factor. The 

results thus focus on the relative bias and empirical bias in the point and standard error estimates 

for T2C model parameters (the means for the intercept and tau factors, as well as the predictor 

effects on each). Although the forthcoming results focus on outcomes for tau and its predictor 

effect, figures and tables for results on all parameter estimates, including growth, can be found in 

the appendices. Below, the effect of each design condition on parameter estimates for tau and its 

predictor effect is discussed in detail. 

Missingness.  Missingness due to attrition was a key driver for parameter estimate bias 

and power. Considering that missingness directly affects sample size at each time point, which is 

also a key driver of parameter estimate bias and power, it was no surprise that missingness 

explained 50% of the variance in the relative bias for tau as well as 33% and 28% of the variance 

in the power to detect and relative bias for the predictor effect on tau, respectively. As 

missingness increased, especially with high growth variability and smaller sample sizes, tau and 

its predictor effect are vulnerable to overestimation with its standard error prone to slight 

underestimation, and power to detect those parameters drops severely as low as 20%.   

Criterion placement.  Criterion placement was the only key predictor for the power to 

detect tau, explaining 36% of the variance in this parameter estimate. When the criterion is 

placed earlier in time (i.e., T2C = +0.33SD), especially with a small sample size (i.e., N = 100), 

power dropped below 80%. This pattern may appear to be unexpected given that relative bias 

results showed that tau tends to be overestimated in smaller sample sizes (i.e., power would be 

expected to increase if the estimated tau is larger than it should be); however, the standard error 

bias for tau, especially when the criterion is placed earlier in time, was also biased. Further, 
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smaller effect sizes, all other things being equal, always suffer from lower power. As expected, 

for higher criterion levels and sample sizes, power was close to or at 100%.  

Sample size at study onset.  Sample size was the key predictor of all three simulation outcomes 

(parameter and standard error bias, as well as power). Compared to other design facets, sample 

size explained the most variance, ranging from 42% to 90%, in the parameter estimates. For the 

predictor effect on tau, sample size explained an overwhelming 90% of the variance in power, 

followed by 80% in the relative bias for tau, 69% in power to detect tau, 65% in relative bias to 

detect predictor effect on tau, and 54% and 42% in the standard error bias for the predictor effect 

on tau and the tau factor, respectively. Results showed that the T2C model parameter estimates 

can become unstable – yielding positive relative bias and negative standard error bias as well as 

lower power – in the small sample size condition especially (i.e., N = 100), holding all other 

design conditions constant. This instability was further exacerbated in the small sample size 

condition when there is a high level of missingness/attrition. 

Number of time points. The number of time points that data is collected (i.e., number of 

indicators of a factor analysis) explained 18% to 50% (i.e., 𝜂𝑝
2 = 0.18 to 𝜂𝑝

2 = 0.50) of the 

variance in bias and power estimates. More specifically, this design condition explained the 

following amounts of variance: 50% in the relative bias for tau, 41% in the power to detect the 

predictor effect on tau, 32% in the standard error bias for the predictor effect on tau, 20% in the 

standard error bias for tau, and 18% in the relative bias for the predictor effect on tau. T2C 

models with fewer time points (i.e., 3 or 5 relative to 50), especially in conjunction with a small 

sample size N = 100, tended to have positive relative bias, slightly negative standard error bias, 

and lower power. However, as expected, with greater numbers of time points (coupled with a 
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larger sample sizes), there was no relative bias or standard error bias, and power was close to or 

at 100%. 

Growth rate variability. Growth heterogeneity was the key driver only for the relative 

bias for tau, explaining 33% of the variance. Tau estimates were most sensitive to high growth 

rate variability when there was high missingness and a small sample size (i.e., N = 100). As 

sample size increased (e.g., N = 250), tau and its predictor effect were only prone to 

overestimation when there was high missingness and poor measurement reliability. As expected, 

as sample size increased, growth variability impacts on bias and power diminished. 

Measurement reliability. Similar to growth rate variability, this design facet was a key 

driver only for the relative bias for tau, explaining 24% of the variance. Results suggested that 

poor measurement reliability, along with small sample sizes, high missingness, and high growth 

variability, contribute to an overestimation of tau and its predictor effect, an underestimation of 

their standard errors, and a lower power to detect them. However, larger sample sizes remedy all 

conditions with poor measurement reliability. That is, as sample size increases, and holding all 

else constant, conditions with poor measurement reliability (i.e., α ≤ .4) still yielded excellent 

accuracy and precision for the parameter estimates of tau and its predictor effect.  

Other Results 

Tables C1 – C9 in Appendix C show the mean relative bias for select design conditions 

across the 3-, 5-, and 50-time point T2C models. For estimating the time-to-criterion factor and 

its predictor effect in the small sample size condition (N = 100) across the three T2C models, 

relative bias increased as missingness and growth variability increased, coupled with decreasing 

measure reliability, especially when the criterion is placed farther out in time. 
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Tables C10 – C18 in Appendix C display power results for select design conditions across 

the 3-, 5-, and 50-time point T2C models. As expected, power decreased for higher amounts of 

missingness, but this decline was only observed for these parameter estimates: 

(a) the time-to-criterion factor for the small sample size condition (N = 100) with low 

measure reliability, early criterion (i.e., 105), high missingness, and high growth 

variability (see Appendix B); and 

(b) the predictor effect on the time-to-criterion factor for the smaller sample size 

conditions (N = 100 and N = 250), especially for higher amounts of missingness (see 

Appendix B). 

Tables C19 – C27 in Appendix C provide standard error bias results for select design 

conditions across the 3-, 5-, and 50-time point T2C models. Across those three T2C models, the 

standard error bias of the time-to-criterion factor and its predictor effect in the small sample size 

condition (N = 100) was slightly underestimated with low measure reliability and/or high growth 

variability, especially when the criterion is placed closer in time. 

However, taken altogether, with greater numbers of indicators, relative bias and standard 

error bias decreased and power increased for the time-to-criterion factor and predictor effect on 

the time-to-criterion factor, holding all else constant (see Figures 4 – 9).  
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Figure 4 

Relative Bias for Time-to-Criterion Factor by Indicator Level 
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Figure 5 

Relative Bias for Predictor Effect on Time-to-Criterion Factor by Indicator Level 
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Figure 6 

Power to Detect Time-to-Criterion Factor by Indicator Level 
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Figure 7 

Power to Detect Predictor Effect on Time-to-Criterion Factor by Indicator Level 
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Figure 8 

Standard Error Bias for Time-to-Criterion Factor by Indicator Level 
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Figure 9 

Standard Error Bias for Predictor Effect on Time-to-Criterion Factor by Indicator Level 
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CHAPTER 3. 

 Real Data Application Example using ECLS 2010 Subsample 

 To demonstrate how inferences from the two methods – the traditional latent intercept-

slope model and the latent T2C model – can be similar as well as diverge, I present an applied 

analysis using extant data from the U.S. Department of Education NCES Early Childhood 

Longitudinal Study, Kindergarten Class of 2010–11 dataset (Tourangeau et al., 2015). I focus on 

analyzing the language scores of a subsample of children whose home language was not English 

using both methods. 

Method 

Data Source 

Overview. The Early Childhood Longitudinal Study (ECLS) followed a nationally 

representative sample of children through their elementary school years, starting in the 2010-

2011 school year (kindergarten) and ending in the 2015-2016 school year (when most students 

were in fifth grade). The goal of ECLS is to collect multi-source data (from study participants, 

parents, teachers, school administrators, etc.) to provide educational researchers and 

policymakers with data to address questions regarding elementary school children’s 

psychological and cognitive development as well as their social experiences in school. One of 

the myriad early childhood assessments ECLS collected was students’ performance on the 

English Basic Reading Skills (EBRS) assessment, scored out of 20 points. EBRS is the focal 

outcome of this applied analysis and children were assessed at four time points: Fall 2010 

(kindergarten), Spring 2011 (kindergarten), Fall 2011 (first grade), and Spring 2012 (first grade). 

To be routed to the EBRS assessment, it is a requirement that students pass the preLAS (English 

Language Proficiency Assessment for Early Learners) screener with a score of at least 16 points. 
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Sample Description. The sample for the present study included children who 

communicate in a language other than English in the home and who had available data for the 

preLAS and EBRS assessments at baseline/Fall 2010, and who were not administered the 

Spanish early reading skills (SERS) assessment. However, excluded from the analytic sample 

were children whose home language is Spanish and did not pass the preLAS and were therefore, 

according to ECLS’ assessment routing path (Tourangeau et al., 2015; see Exhibit 2-2 on page 2-

5) administered the SERS assessment (instead of the EBRS assessment). Although the ECLS 

dataset includes survey weights, that information was not incorporated into the applied analysis 

because the focus is on a specific subgroup (i.e., not to generalize results to the broader student 

population). 

Results 

Table 1 displays results for the linear LGM and linear T2C models. Each model’s growth 

depended on students’ standardized scores on the preLAS (English Language Proficiency 

Assessment for Early Learners), which serves as a screener test before students can take EBRS 

assessments. Given the trajectory patterns found in data visualization, a quadratic model was 

specified and globally found to be a better fit to the observed data than a linear model. Further, it 

was unclear when exactly the assessments of children’s EBRS took place, so different time point 

interval structures were explored by freeing time interval estimates for the second and third time 

points iteratively and selecting the model with the best fit indices (RMSEA, CFI, TLI, and 

SRMR) to determine the final time point spacing. Model fitting also indicated that the quadratic 

factor had near-zero variability (i.e., Heywood cases were found), so only the quadratic factor 

mean was estimated (variance was constrained to zero, and as a result, it could not covary with 

the intercept and linear growth factors). 
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Table 7 

Comparison of Latent Traditional Growth and T2C Model Results for ECLS EBRS  

Parameters 
Model 

Linear LGM   Linear T2C (c = 16) 

Factor means (μ)    
Intercept factor (α) 12.34* (0.09)  — 

Slope factor (β1) 8.92* (0.22)  8.92* (0.22) 

Quadratic factor (β2) -5.15* (0.15)  -5.15* (0.15) 

T2C (τ) —   0.97* (0.01) 

Factor variances/covariances (Φ)    
Intercept factor (α) 7.54* (0.56)  — 

Slope factor (β1) 2.85* (0.46)  2.85* (0.46) 

T2C (τ) —  0.15* (0.011) 

Cov (α, β1) -4.19* (0.47)  — 

Cov (α, τ) —  — 

Cov (β1, τ) —   0.38 (0.04) 

Factor loadings (Λ)    
Intercept factor (α)    

EBRS 1 1  — 

EBRS 2 1  — 

EBRS 3 1  — 

EBRS 4 1   — 

Slope factor (β1)    
EBRS 1 0.00  -0.97* (0.01) 

EBRS 2 0.70  -0.27* (0.01) 

EBRS 3 1.10  0.13* (0.01) 

EBRS 4 1.30   0.33* (0.01) 

Quadratic factor (β2)    
EBRS 1 0.00  -0.97* (0.01) 

EBRS 2 0.49  -0.48* (0.01) 

EBRS 3 1.21  0.24* (0.01) 

EBRS 4 1.69   0.72* (0.01) 

T2C (τ)    
EBRS 1 —  -3.77* (0.09) 

EBRS 2 —  -3.77* (0.09) 

EBRS 3 —  -3.77* (0.09) 

EBRS 4 —   -3.77* (0.09) 

Predictors of growth (π)    
Intercept factor on preLAS 2.32* (0.08)  — 

Slope factor on preLAS -1.38* (0.07)  -1.38* (0.07) 

T2C on preLAS —   -0.26* (0.01) 

Residual variances (Θ)    
EBRS 1 8.41* (0.57)  8.41* (0.57) 

EBRS 2 5.43* (0.22)  5.43* (0.22) 

EBRS 3 4.40* (0.28)  4.40* (0.28) 

EBRS 4 2.23* (0.19)   2.23* (0.19) 

Note. N = 2,114 children who speak a language other than English in the home, and who began the study in 

kindergarten in fall of 2010-2011 school year. 
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In other words, there is no individual variability in deceleration; every student decelerates in 

EBRS growth at the same rate. Regardless, overall model fit statistics for these data may not be 

useful since growth models are constrained and the focus is not to model the data perfectly. 

However, it is worth noting that, as proof of their mathematical equivalence and correct model 

specification, the linear LGM and linear T2C models share the same model fit statistics (RMSEA 

= 0.16, 90% CI = [0.15, 0.18]; CFI = 0.83;  TLI = 0.72; SRMR = 0.11;  χ2(6, N = 2,114) = 336.11, 

p < .001). 

Linear LGM.  Table 1 (first set of columns) reports the findings for the traditional 

growth model. The intercept factor (fall 2010 kindergarten EBRS) was estimated at M = 12.34 

points at the start of kindergarten (SE = 0.09), the linear factor (annual growth in EBRS) was 

estimated at M = 8.92 points per year (SE = 0.22), and the quadratic factor (deceleration in EBRS 

growth) was estimated at M = -5.15 points deceleration per year (SE = 0.15). Figure 10 uses a 

heat plot to illustrate the model-implied (predicted) individual trajectories, with yellow colors 

indicating greater numbers of students and purple colors indicating fewer numbers of students. 

Figure 10 

Model-Implied Individual Growth Trajectories for ECLS EBRS 
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The latent factor covariance between the intercept (α) and linear growth factors (β) were 

estimated at -4.19 points per point (SE = 0.47). This negative relationship indicates that students 

who performed better on the EBRS assessment at baseline/fall 2010 experienced less growth in 

EBRS over the four assessments.  

Results also indicated that the fall language preLAS assessment uniquely predicted the 

intercept and linear growth factors. Specifically, for every standard deviation increase in preLAS 

points, students’ baseline EBRS scores were predicted to be higher by 2.32 points (SE = 0.08) 

but simultaneously, these students were also predicted to experience 1.38 less points per year 

growth (SE = 0.07), holding all else constant. That is, the better that students performed on the 

preLAS, the less growth they experienced over time (see Figure 11 for aggregate trajectories).  

Linear T2C.  While the slope estimate was identical to that of the traditional linear 

growth model, in the T2C model, focus is shifted to the estimated time-to-criterion parameter, 𝜏̂. 

The mean time to reach the criterion of c = 16 points was estimated at 𝜏̂ = 0.97 years (SE = 0.01), 

which indicates that the model predicted students to take approximately eleven months from 

baseline/fall 2010 to reach a threshold score of 16 points on the EBRS assessment. The model 

also estimated that the covariance between the growth and tau factors was positive: Cov(β, τ) = 

0.38 (SE = 0.04). This indicates that students who experienced more linear growth on the EBRS 

were predicted to take longer to reach the criterion. Given what was previously found for the 

covariance between the intercept and linear growth factors in the linear LGM, it seems clear that 

although students who started out lower were predicted to have more growth, the significance of 

their lower scores at baseline/fall 2010 necessitated a longer period to reach the criterion.  

Last but not least, the model results showed that the preLAS was a negative predictor of 

mean time-to-criterion (see Figure 13). 
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Figure 11 

Model-Implied Aggregate Growth Trajectories by preLAS Level for ECLS EBRS 

 
 

Figure 12 

Path Diagram of Results for the Traditional Growth Model for ECLS EBRS 

 
Note. All paths shown are statistically significant at the .05, 2-tailed level. 
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Figure 13 

Relationship between Baseline/Fall preLAS Scores and Model-Implied Time-to-Criterion 

 
 

Note.  Dots represent individual students in the analytic sample. Black trendline represents the averaged relationship 

(with standard errors in gray shading) between preLAS scores and Time-to-Criterion. 

 

Specifically, the cumulative effect of higher preLAS scores was estimated at approximately 3 

months less time to reach the criterion. In other words, the better the students performed on the 

preLAS (a screener test for EBRS assessments), the less time it took them to reach the criterion 

on the EBRS.  

Last but not least, to ensure the linear T2C model was estimable, the four EBRS 

indicators were specified with constraints on the relationships with the time-to-criterion, linear 

slope, and quadratic slope factors (see Figure 14). The factor loadings of the time-to-criterion 

factor (which has replaced the intercept factor of the traditional model) were fixed at the negative 

value of the linear slope minus the quadratic slope, and the linear slope factor loadings were 

fixed at the time of each EBRS measurement occasion minus the mean time to reach the 

criterion. Lastly, the quadratic slope factor loadings were fixed at the squared value of the real 

time EBRS measurement occasion minus the mean time to reach the criterion. 
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Figure 14 

Path Diagram of Linear T2C Model Results for ECLS EBRS 

 
Note.  All paths shown are statistically significant at the .05 level, 2-tailed. 
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CHAPTER 4. 

Discussion 

The present study investigated the parameter estimate performance of the recently 

derived latent time-to-criterion (T2C) model (Johnson & Hancock, 2019) with simulation 

methods under a variety of realistic conditions that would be encountered in longitudinal 

education research, and then demonstrated the model’s use with real data. In the simulation, 

design facets included attrition, sample size, number of time points collected, measurement 

reliability, and growth variability. Results showed that relatively high attrition, high growth 

variability, lower measure reliability, in conjunction with small sample sizes (i.e., N ≤ 250) and a 

criterion placed farther out in time, can lead to overestimation of the tau factor, inferring the time 

it takes to reach a criterion will take longer than it actually does. 

The applied example utilized a large sample size of N = 2,114 children measured on their 

early basic reading skills (EBRS) at four time points: fall 2010, spring 2010, fall 2011, and 

spring 2011. Missingness for the four time points included 3% at the second time point, 65% at 

the third time point, and only 35% at the last measurement occasion. The continuous predictor 

used in the analysis was baseline preLAS score (measured at the first time point in fall 2010), 

which had no missingness. The growth rate variability was approximately SD = 10.12 points 

(i.e., the slope factor’s standard error of 0.22 multiplied by the square root of the sample size 

√2114). According to Najarian et al. (2018), the reliability for the EBRS assessment was 

estimated to be .87 or higher at each of the four measurement occasions (reliabilities were: .87 

fall 2010, .97 spring 2010, .94 fall 2011, and .99 spring 2011). According to the simulation 

results, because the sample size of the applied analysis was so large, all parameter estimates 

would be expected to be unbiased, since sample sizes of 250 or greater yielded estimates with 
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negligible bias; as well, power levels for each parameter estimate would be expected to be 

greater than 99%. 

Research Design Recommendations 

Within the context of the simulation design conditions used in this study, there are three 

fundamental education research scenarios to consider for planning a study in order to use the 

T2C model. In one scenario, an intervention program may be of interest for a study with a 

relatively small cohort (i.e., N ≤ 100) of rare or vulnerable participants, which might also have a 

relatively high attrition rate over time. According to the simulation results, small sample sizes 

and/or higher attrition led to overestimation of the time-to-criterion factor as well as its predictor 

effect. Thus, researchers could mitigate this situation, assuming a missingness level of 20 to 30% 

(per measurement occasion), by selecting very reliable measures (e.g., α ≥ .6) to track 

participants over time, and if possible, greater numbers of time points.  

In a second scenario, a just-developed, researcher-designed curriculum-based measure 

may be what is being used to track participants over time, and thus may have relatively low 

reliability. The results of the simulation showed that modest to poor measure reliability (i.e., α ≤ 

0.6) led to overestimation of the time-to-criterion factor and its predictor effect, especially in 

smaller sample sizes of 100. However, simulation results also showed that a sample size of N ≥ 

250 or having at least five measurement occasions reduced bias and increased power to detect 

key parameters. Thus, in circumstances using a potentially unreliable scale to follow participants 

over time, it would be best to boost the sample size or number of measurements taken. 

Finally, a third research scenario would be when there is high growth variability among 

individuals due to differential response to intervention or due to a very diverse population being 

studied. The simulation results showed that high growth variability was only problematic for 
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very small sample sizes or very high attrition rates. As such, when the goal is to study response-

to-intervention or a very mixed population, obtaining a large sample and committing resources to 

tracking participants to avoid missingness over time is recommended. 

Limitations and Future Directions 

The limitations in the simulation study results are directly related to the design 

conditions. First, this study only simulated linear growth, not higher order polynomial or 

nonlinear growth (although a quadratic factor was demonstrated in the applied analysis). It would 

be especially interesting in the future to investigate how the T2C model parameter estimates 

would perform with a binary outcome (either with a continuous predictor or binary predictor). 

Second, one continuous, time-invariant predictor was used, with a relatively small effect size for 

the predictor on the growth and T2C factors. Because the predictor effect on the growth and T2C 

factors was not zero for all conditions, there were no conditions to evaluate Type I error. Future 

directions could consider including time-variant predictors as well as conditions evaluating Type 

I error for the predictor effect on latent factors. Third, the covariance between the intercept and 

slope was constrained to 0 for simplicity in the data generating model. In the real world, this 

situation is rare, as starting points typically determine growth rates; however, there is little reason 

to expect that relaxing this constraint would change the pattern of findings in the present study.  

Fourth, the levels of missingness were relatively modest (i.e., the highest level of 

missingness was 30%), as was the growth rate (i.e., 2 points increase per measurement occasion). 

Some longitudinal studies can have much higher missingness and/or higher growth rates. 

Relatedly, FIML was used to handle missingness; multiple imputation may have been a better 

approach. Fifth, among the 3-, 5-, and 50-time point models, time intervals were assumed 

equidistant. In applied research, it may more realistic or practical that study participants are not 
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measured at equal intervals due to factors like program funding or the nature of how the 

measurement instrument is administered. Future directions could delve deeper into how uneven 

time intervals could affect the T2C model parameter estimation for better or worse.  

Lastly, this study followed a frequentist approach, and it is possible that a Bayesian 

approach with informative priors might yield better T2C model estimates. In sum, future work 

should investigate the effects of the following conditions on parameter estimation: (a) non-

linearity, (b) null effect of the predictor on the growth parameters, (c) effects of differing levels 

of intercept-slope covariance, (d) higher levels of missingness, and (e) Bayesian framework with 

informative priors.  

Conclusion 

Compared with “traditional” latent intercept-slope types of growth modeling, the latent 

time-to-criterion (T2C) model may be an ideal – but underutilized – analytic tool for evaluating 

longitudinal data with an eye toward more actionable education policy decision-making. This 

said, despite their mathematical model equivalence, the traditional and T2C growth models differ 

in their parameter estimation performance under different realistic longitudinal research 

situations. This is because the tau factor (and its predictors) will naturally depend on the slope 

factor more than the intercept of a traditional model, and moreover, when there is attrition, the 

amount of information available to estimate the T2C model parameters is lower than that of a 

traditional intercept-slope growth model.  

Results from this dissertation’s simulation study provide direct insight in helping 

researchers plan their T2C study designs to avoid bias and maximize power, and the applied 

analysis then demonstrates the T2C analysis with publicly available data. It is hoped that this 
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model can be employed in work that not only advances theory, but also improves and supports 

equitable and just decisions that can affect the lives of students and their communities. 
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APPENDIX A 

Data Generation and T2C Analysis R Code for 5 Time Points, 30% Missing  

## LIBRARIES ----- 

 

library(MplusAutomation) 

library(plyr) 

library(tidyr) 

 

setwd("C:/trad/ind05/miss30") 

 

## SIMULATION CONDITIONS ---- 

 

# define sample sizes  

size <- c(100, 250, 500, 1000, 5000)  

# define levels of criterion (related to latent tau) 

crit <- c(105, 110, 115, 120) 

# define levels of latent growth slope variance 

slpvar <- c(0, 1, 4, 9) 

# new define levels of resid error based on reliab 

# for reliab = .40: 1-.40 = .60 * var=225 = 135 

# for reliab = .60: 1-.60 = .40 * var=225 = 90 

# for reliab = .80: 1-.80 = .20 * var=225 = 45 

reserr <- c(135, 90, 45) 

# number of replications 

nreps = 1000 

# level of missingness  

miss <- c(30)  

 

## DATA GENERATION ---- 

for (a in 1:length(size)){ 

  A <- size[a] 

  for (b in 1:length(miss)){ 

    B <- miss[b] 

    for (c in 1:length(crit)){ 

      C <- crit[c] 

      for (d in 1:length(slpvar)){ 

        D <- slpvar[d] 

        for (e in 1:length(reserr)){ 

          E <- reserr[e] 

           

          ### Mplus INPUT FILE TO GENERATE DATA ---- 

          Title <- paste0("TITLE: Trad_N",A,"_Miss",B,"_Crit",C,"_SlpVar",D,"_Res",E,";") 

          Montecarlo <- paste0("MONTECARLO: NAMES ARE y1-y5 x;")    

          Nobservations <- paste0("NOBSERVATIONS = ",A,";") 

          Nreps <- paste0("NREPS = ",nreps,";") 

          Seed <- paste0("SEED = 293117;") 

          Patmiss <- paste0("PATMISS = y1(0) y2(0) y3(0) y4(0) y5(0) | 

          y1(0) y2(1) y3(1) y4(1) y5(1) | 

          y1(0) y2(0) y3(1) y4(1) y5(1) | 

          y1(0) y2(0) y3(0) y4(1) y5(1) | 

          y1(0) y2(0) y3(0) y4(0) y5(1);") 

          Patprobs <- paste0("PATPROBS = .24|.30|.21|.15|.10;") 

          Results <- paste0("RESULTS = 

Trad_N",A,"_Miss",B,"_Crit",C,"_SlpVar",D,"_Res",E,".dat;")  

          Repsave <- paste0("REPSAVE = all;") 

          Save <- paste0("SAVE = Trad_N",A,"_Miss",B,"_Crit",C,"_SlpVar",D,"_Res",E,"_rep*.dat;") 

          ModelPopulation <- paste0( 

            "MODEL POPULATION: 

          i b | y1@0 y2@1 y3@2 y4@3 y5@4;  

          [i*100];                         

          [b*2];                           

          i*225;    

          b*",D,";          

          i with b*0;                      

          y1-y5*",E,";                        

          [x*0];                           

          x*1;                             
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          i ON x*1;                        

          b ON x*1;")                        

          Analysis <- paste0( 

            "ANALYSIS: ESTIMATOR = ML;COVERAGE = .05;ITERATIONS = 10000;") 

          Model <- paste0( 

            "MODEL: 

          i b | y1@0 y2@1 y3@2 y4@3 y5@4;  

          [i*100];                         

          [b*2];                           

          i*225;                           

          b*",D,";                             

          i with b*0;                      

          y1-y5*",E,";                        

          i ON x*1;                        

          b ON x*1;")     

          inpnm <- paste0("Trad_N",A,"_Miss",B,"_Crit",C,"_SlpVar",D,"_Res",E,".inp") 

          sink(file = inpnm) 

   

cat(Title,Montecarlo,Nobservations,Nreps,Seed,Patmiss,Patprobs,Results,Repsave,Save,Model

Population,Analysis,Model,file= inpnm,sep = "\n") 

          sink() 

        } 

      } 

    } 

  } 

} 

 

### RUN MPlus MODELS TO GET TRAD MODEL RESULTS AND GENERATE DATA FOR T2C ANALYSIS ---- 

runModels() 

 

 

 

## DATA ANALYSIS USING T2C ---- 

### reset to a new working directory 

setwd("C:/t2c/ind05/miss30") 
 

for (a in 1:length(size)){ 

  A <- size[a] 

  for (b in 1:length(miss)){ 

    B <- miss[b] 

    for (c in 1:length(crit)){ 

      C <- crit[c] 

      for (d in 1:length(slpvar)){ 

        D <- slpvar[d] 

        for (e in 1:length(reserr)){ 

          E <- reserr[e] 

           

          ### Mplus INPUT FILE TO ANALYZE DATA WITH T2C ---- 

#### use prior data generated from traditional growth model 

          Title <- paste0("TITLE: T2C_N",A,"_Miss",B,"_Crit",C,"_SlpVar",D,"_Res",E,";") 

          Data <- paste0("DATA: 

FILE=C:\\trad\\ind05\\miss30\\Trad_N",A,"_Miss",B,"_Crit",C,"_SlpVar",D,"_Res",E,"_replist.dat; 

      TYPE = MONTECARLO;")   

          Variable <- paste0("VARIABLE: NAMES = y1-y5 x; USEVARIABLES = y1-y5 x; 

                           MISSING ARE ALL(999.000000);")    

          Analysis <- paste0( 

            "ANALYSIS: ESTIMATOR=ML;COVERAGE=.05;ITERATIONS=10000; SDITERATIONS=100;") 

          Model <- paste0( 

            "MODEL: 

            tj BY y1-y5* (t);      

            bj BY y1-y5* (b1-b5);  

            [tj*5] (mt);           

            [bj*2] (mb);           

            tj*225;                 

            bj*",D,";                  

            tj with bj*;      

            [y1-y5*105] (n);       

            y1-y5*",E,";             

            bj ON x*1;             

            tj ON x*1;")   

          ModelConstraint <- paste0( 
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            "MODEL CONSTRAINT: 

          NEW(c ma); 

          c = ",C,";               

          ma = c - mb*mt;        

          n = c + mb*mt;         

          t = -mb;               

          b1 = 0-mt;          

          b2 = 1-mt;             

          b3 = 2-mt;             

          b4 = 3-mt;             

          b5 = 4-mt;")   

          inpnm <- paste0("T2C_N",A,"_Miss",B,"_Crit",C,"_SlpVar",D,"_Res",E,".inp") 

          sink(file = inpnm) 

          cat(Title,Data,Variable,Analysis,Model,ModelConstraint,file= inpnm,sep = "\n") 

          sink() 

        } 

      } 

    } 

  } 

} 

### RUN MPlus MODELS TO GET T2C MODEL RESULTS ---- 

runModels() 
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APPENDIX B  

Full Results Figures 

Figure B1 

3 Indicators: Relative Bias for Latent Time-to-Criterion Factor 
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Figure B2. 

3 Indicators: Relative Bias for Predictor Effect on Latent Time-to-Criterion Factor 
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Figure B3 

3 Indicators: Relative Bias for Latent Slope Factor 
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Figure B4 

3 Indicators: Relative Bias for Predictor Effect on Latent Slope Factor 
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Figure B5 

3 Indicators: Power for Detecting Latent Time-to-Criterion Factor 
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Figure B6 

3 Indicators: Power for Detecting Predictor Effect on Time-to-Criterion Factor 
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Figure B7  

3 Indicators: Power for Detecting Latent Slope Factor 

 

 

 



APPENDICES     

73 
 

Figure B8 

3 Indicators: Power for Detecting Predictor Effect on Latent Slope Factor 
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Figure B9 

3 Indicators: Standard Error Bias for Latent Time-to-Criterion Factor  
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Figure B10 

3 Indicators: Standard Error Bias for Predictor Effect on Latent Time-to-Criterion Factor 
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Figure B11 

3 Indicators: Standard Error Bias for Latent Slope Factor 
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Figure B12  

3 Indicators: Standard Error Bias for Predictor Effect on Latent Slope Factor 
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Figure B13 

5 Indicators: Relative Bias for Latent Time-to-Criterion Factor 
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Figure B14 

5 Indicators: Relative Bias for Predictor Effect on Latent Time-to-Criterion Factor 
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Figure B15 

5 Indicators: Relative Bias for Latent Slope Factor 
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Figure B16 

5 Indicators: Relative Bias for Predictor Effect on Latent Slope Factor 
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Figure B17 

5 Indicators: Power for Detecting Latent Time-to-Criterion Factor 
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Figure B18 

5 Indicators: Power for Detecting Predictor Effect on Time-to-Criterion Factor 
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Figure B19 

5 Indicators: Power for Detecting Latent Slope Factor 
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Figure B20 

5 Indicators: Power for Detecting Predictor Effect on Latent Slope Factor 
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Figure B21 

5 Indicators: Standard Error Bias for Latent Time-to-Criterion Factor  

 

 

 



APPENDICES     

87 
 

Figure B22 

5 Indicators: Standard Error Bias for Predictor Effect on Latent Time-to-Criterion Factor 
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Figure B23 

5 Indicators: Standard Error Bias for Latent Slope Factor 
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Figure B24 

5 Indicators: Standard Error Bias for Predictor Effect on Latent Slope Factor 

 

 

 



APPENDICES     

90 
 

Figure B25 

50 Indicators: Relative Bias for Latent Time-to-Criterion Factor 
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Figure B26 

50 Indicators: Relative Bias for Predictor Effect on Latent Time-to-Criterion Factor 
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Figure B27 

50 Indicators: Relative Bias for Latent Slope Factor 
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Figure B28 

50 Indicators: Relative Bias for Predictor Effect on Latent Slope Factor 
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Figure B29 

50 Indicators: Power for Detecting Latent Time-to-Criterion Factor 
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Figure B30 

50 Indicators: Power for Detecting Predictor Effect on Time-to-Criterion Factor 
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Figure B31 

50 Indicators: Power for Detecting Latent Slope Factor 
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Figure B32 

50 Indicators: Power for Detecting Predictor Effect on Latent Slope Factor 

 

 

 



APPENDICES     

98 
 

Figure B33 

50 Indicators: Standard Error Bias for Latent Time-to-Criterion Factor  
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Figure B34 

50 Indicators: Standard Error Bias for Predictor Effect on Latent Time-to-Criterion Factor 
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Figure B35 

50 Indicators: Standard Error Bias for Latent Slope Factor 
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Figure B36 

50 Indicators: Standard Error Bias for Predictor Effect on Latent Slope Factor 
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APPENDIX C 

Results Tables 

Table C1  

3-time point Models with Measure Reliability 0.8: Relative Bias Results on Selected Conditions 

 

Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% -0.08 2.63 2.34 -0.06 1.88 1.26 0.00 0.09 0.07

Missing Rate = 10% 0.08 1.19 3.58 -0.02 1.13 1.22 0.00 0.07 0.11

Missing Rate = 20% 0.08 3.55 5.98 -0.02 1.83 1.91 0.00 0.24 0.27

Missing Rate = 30% 0.07 9.14 11.08 -0.03 3.13 3.21 0.00 0.30 0.33

Mean Growth Rate

Missing Rate = 0% 0.31 0.31 0.31 -0.08 -0.09 -0.08 -0.02 -0.02 -0.02

Missing Rate = 10% -0.63 -0.63 -0.63 0.10 0.10 0.10 -0.07 -0.07 -0.07

Missing Rate = 20% -0.94 -0.91 -0.87 0.06 0.06 0.06 -0.18 -0.19 -0.18

Missing Rate = 30% -1.14 -1.05 -0.93 -0.03 -0.03 -0.03 -0.20 -0.21 -0.20

Predictor Effect on Intercept/Tau

Missing Rate = 0% -0.62 6.06 7.46 0.14 2.20 2.35 -1.07 -0.25 -0.05

Missing Rate = 10% 9.39 11.07 14.10 2.09 3.18 3.58 -0.59 0.10 0.31

Missing Rate = 20% 10.14 32.34 27.92 2.55 5.45 6.32 -0.50 0.34 0.54

Missing Rate = 30% 9.81 48.89 50.90 2.41 8.99 10.83 -0.52 0.56 0.79

Predictor Effect on Growth Rate

Missing Rate = 0% 0.62 0.62 0.62 -0.79 -0.79 -0.79 -0.15 -0.15 -0.15

Missing Rate = 10% 0.00 0.01 0.00 -0.50 -0.50 -0.50 0.09 0.09 0.09

Missing Rate = 20% 0.75 0.75 0.74 0.19 0.19 0.19 -0.03 -0.03 -0.03

Missing Rate = 30% 0.05 0.06 0.01 0.62 0.62 0.62 0.07 0.07 0.07

Note.  Relative bias is presented as percentages (%).  N = 1000 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C2   

5-time point Models with Measure Reliability 0.8: Relative Bias Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.05 0.37 1.73 0.00 0.80 1.02 0.00 -0.10 -0.04

Missing Rate = 10% 0.06 1.26 2.93 0.00 1.25 1.50 0.00 -0.02 0.04

Missing Rate = 20% 0.05 2.98 4.71 0.01 1.49 1.86 0.00 -0.04 0.02

Missing Rate = 30% 0.06 5.85 7.42 0.01 2.25 2.67 0.00 -0.19 -0.10

Mean Growth Rate

Missing Rate = 0% -0.02 -0.02 -0.02 -0.29 -0.29 -0.29 0.06 0.06 0.06

Missing Rate = 10% -0.39 -0.38 -0.39 -0.49 -0.49 -0.49 -0.01 -0.01 -0.01

Missing Rate = 20% -0.83 -0.82 -0.83 -0.45 -0.45 -0.45 0.03 0.03 0.03

Missing Rate = 30% -0.89 -0.85 -0.87 -0.52 -0.52 -0.52 0.18 0.17 0.18

Predictor Effect on Intercept/Tau

Missing Rate = 0% 8.89 6.49 6.78 3.93 3.23 3.10 -0.21 -0.14 -0.06

Missing Rate = 10% 7.95 9.51 10.84 3.31 4.35 4.53 -0.21 0.00 0.11

Missing Rate = 20% 9.71 15.67 17.78 4.13 6.15 6.75 -0.15 0.02 0.13

Missing Rate = 30% 9.18 29.35 28.49 3.73 7.65 8.80 -0.19 -0.40 -0.35

Predictor Effect on Growth Rate

Missing Rate = 0% 0.35 0.35 0.35 0.00 0.00 0.00 0.01 0.01 0.01

Missing Rate = 10% 0.94 0.93 0.94 0.12 0.12 0.12 0.00 0.00 0.00

Missing Rate = 20% 2.41 2.41 2.41 0.95 0.95 0.95 0.02 0.02 0.02

Missing Rate = 30% 2.15 2.17 2.16 0.98 0.99 0.98 -0.25 -0.25 -0.25

Note.  Relative bias is presented as percentages (%).  N = 1000 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C3   

50-time point Models with Measure Reliability 0.8: Relative Bias Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.11 -0.72 1.17 0.07 -0.66 0.40 0.00 0.13 0.08

Missing Rate = 10% 0.11 0.22 2.22 0.14 -1.13 1.02 0.01 -0.25 -0.07

Missing Rate = 20% 0.13 -0.08 2.02 0.12 -1.79 -0.07 0.01 -0.01 0.07

Missing Rate = 30% 0.12 1.31 3.45 0.15 -0.83 1.50 0.01 -0.14 0.06

Mean Growth Rate

Missing Rate = 0% -0.60 -0.61 -0.61 -0.31 -0.31 -0.31 -0.05 -0.05 -0.05

Missing Rate = 10% -1.22 -1.22 -1.22 -1.18 -1.18 -1.18 0.03 0.03 0.03

Missing Rate = 20% -1.07 -1.08 -1.07 0.09 0.09 0.08 -0.07 -0.07 -0.07

Missing Rate = 30% -1.75 -1.76 -1.72 -1.51 -1.51 -1.50 -0.10 -0.10 -0.10

Predictor Effect on Intercept/Tau

Missing Rate = 0% 11.52 5.31 4.92 5.47 1.99 1.74 0.24 0.25 0.19

Missing Rate = 10% 18.81 11.22 10.14 10.91 4.29 3.91 -0.66 -0.51 -0.32

Missing Rate = 20% 11.13 6.02 6.20 -3.00 -0.97 0.84 0.44 0.36 0.36

Missing Rate = 30% 17.63 14.78 14.77 10.73 5.47 5.49 -0.78 -0.34 -0.07

Predictor Effect on Growth Rate

Missing Rate = 0% -0.06 -0.06 -0.06 -0.31 -0.31 -0.31 0.00 0.00 0.00

Missing Rate = 10% 1.70 1.70 1.70 -0.13 -0.13 -0.13 -0.24 -0.24 -0.24

Missing Rate = 20% -0.73 -0.73 -0.73 -0.01 -0.01 -0.01 0.13 0.13 0.13

Missing Rate = 30% 2.54 2.54 2.54 -0.21 -0.21 -0.22 -0.24 -0.24 -0.24

Note.  Relative bias is presented as percentages (%).  N = 1000 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000



APPENDICES     

105 
 

Table C4   

3-time point Models with Measure Reliability 0.6: Relative Bias Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% -0.09 2.93 3.51 -0.07 2.03 1.69 0.00 0.10 0.11

Missing Rate = 10% 0.09 2.68 6.24 -0.02 1.45 1.95 0.00 0.11 0.17

Missing Rate = 20% 0.09 6.53 9.29 -0.03 2.56 3.11 0.00 0.32 0.37

Missing Rate = 30% 0.07 16.20 16.59 -0.03 4.83 5.44 0.00 0.41 0.47

Mean Growth Rate

Missing Rate = 0% 0.62 0.59 0.58 0.06 0.01 0.01 -0.02 -0.03 -0.03

Missing Rate = 10% -0.87 -0.86 -0.86 0.07 0.10 0.11 -0.10 -0.10 -0.10

Missing Rate = 20% -1.25 -1.01 -0.90 0.09 0.10 0.10 -0.22 -0.24 -0.24

Missing Rate = 30% -1.35 -0.71 -0.33 0.07 0.04 0.04 -0.26 -0.28 -0.27

Predictor Effect on Intercept/Tau

Missing Rate = 0% -0.68 8.21 12.06 0.13 2.77 3.63 -1.15 -0.23 0.02

Missing Rate = 10% 10.26 23.11 26.22 2.20 4.66 6.01 -0.63 0.22 0.50

Missing Rate = 20% 11.06 64.47 44.87 2.84 8.33 10.52 -0.51 0.53 0.80

Missing Rate = 30% 10.64 109.11 77.67 2.65 15.42 19.88 -0.53 0.86 1.18

Predictor Effect on Growth Rate

Missing Rate = 0% 0.70 0.78 0.78 -0.92 -1.01 -1.01 -0.13 -0.16 -0.16

Missing Rate = 10% -0.36 -0.32 -0.32 -0.62 -0.68 -0.68 0.13 0.14 0.14

Missing Rate = 20% 0.44 0.56 0.48 0.03 0.14 0.10 -0.04 -0.04 -0.04

Missing Rate = 30% -0.28 -0.41 -0.47 0.54 0.67 0.66 0.07 0.09 0.08

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000

Note.  Relative bias is presented as percentages (%).  N = 1000 replications per cell.
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Table C5   

5-time point Models with Measure Reliability 0.6: Relative Bias Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.04 0.73 2.80 0.00 1.01 1.45 0.00 -0.11 -0.04

Missing Rate = 10% 0.06 2.15 4.83 0.00 1.65 2.15 0.00 -0.01 0.07

Missing Rate = 20% 0.05 5.24 8.12 0.00 2.15 2.84 0.00 -0.02 0.06

Missing Rate = 30% 0.06 9.69 13.20 0.01 3.48 4.27 0.01 -0.20 -0.09

Mean Growth Rate

Missing Rate = 0% -0.03 0.00 -0.03 -0.32 -0.32 -0.32 0.08 0.07 0.07

Missing Rate = 10% -0.52 -0.49 -0.52 -0.56 -0.57 -0.57 -0.01 -0.02 -0.02

Missing Rate = 20% -1.08 -1.11 -1.08 -0.55 -0.55 -0.55 0.03 0.03 0.03

Missing Rate = 30% -1.23 -0.97 -1.04 -0.68 -0.69 -0.68 0.21 0.20 0.21

Predictor Effect on Intercept/Tau

Missing Rate = 0% 9.15 8.43 10.09 4.03 3.96 4.29 -0.25 -0.14 -0.02

Missing Rate = 10% 7.92 13.67 17.36 3.22 5.71 6.55 -0.23 0.05 0.19

Missing Rate = 20% 10.39 25.22 31.39 4.39 8.71 10.25 -0.16 0.10 0.23

Missing Rate = 30% 9.77 47.04 54.39 3.78 11.75 14.32 -0.23 -0.41 -0.32

Predictor Effect on Growth Rate

Missing Rate = 0% 0.29 0.33 0.29 -0.07 -0.07 -0.07 0.02 0.02 0.02

Missing Rate = 10% 1.12 1.14 1.12 0.14 0.14 0.14 0.02 0.02 0.02

Missing Rate = 20% 2.84 2.85 2.84 1.12 1.12 1.12 0.03 0.03 0.03

Missing Rate = 30% 2.58 2.63 2.62 1.26 1.26 1.26 -0.29 -0.29 -0.29

Note.  Relative bias is presented as percentages (%).  N = 1000 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C6   

50-time point Models with Measure Reliability 0.6: Relative Bias Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.10 -0.28 1.48 0.06 -0.44 0.54 0.00 0.16 0.09

Missing Rate = 10% 0.11 0.71 2.76 0.12 -0.52 1.41 0.01 -0.21 -0.08

Missing Rate = 20% 0.13 0.25 2.66 0.11 -1.56 0.09 0.01 -0.02 0.08

Missing Rate = 30% 0.12 2.40 4.78 0.14 -0.01 2.22 0.01 -0.07 0.09

Mean Growth Rate

Missing Rate = 0% -0.69 -0.69 -0.68 -0.35 -0.36 -0.35 -0.04 -0.04 -0.04

Missing Rate = 10% -1.44 -1.44 -1.44 -1.39 -1.39 -1.39 0.06 0.06 0.06

Missing Rate = 20% -1.30 -1.26 -1.30 0.07 0.06 0.07 -0.08 -0.08 -0.08

Missing Rate = 30% -2.27 -2.29 -2.27 -1.96 -1.96 -1.96 -0.10 -0.10 -0.10

Predictor Effect on Intercept/Tau

Missing Rate = 0% 11.44 5.78 5.42 5.58 2.19 1.91 0.26 0.24 0.17

Missing Rate = 10% 17.89 12.35 11.71 10.07 4.68 4.43 -0.74 -0.57 -0.42

Missing Rate = 20% 12.28 7.78 8.02 -2.86 -0.48 1.28 0.36 0.40 0.45

Missing Rate = 30% 16.03 18.89 20.22 9.72 6.71 7.12 -0.92 -0.34 -0.07

Predictor Effect on Growth Rate

Missing Rate = 0% -0.18 -0.18 -0.18 -0.43 -0.43 -0.43 -0.02 -0.02 -0.02

Missing Rate = 10% 2.14 2.14 2.15 -0.16 -0.16 -0.16 -0.31 -0.31 -0.31

Missing Rate = 20% -0.84 -0.76 -0.84 -0.01 -0.01 -0.01 0.20 0.20 0.20

Missing Rate = 30% 3.71 3.71 3.71 -0.15 -0.15 -0.15 -0.28 -0.28 -0.28

Note.  Relative bias is presented as percentages (%).  N = 1000 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C7   

3-time point Models with Measure Reliability 0.4: Relative Bias Results on Selected Conditions 

 

  

Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% -0.10 3.27 4.90 -0.08 2.18 2.15 0.00 0.11 0.13

Missing Rate = 10% 0.10 3.78 9.07 -0.02 1.77 2.71 0.00 0.14 0.23

Missing Rate = 20% 0.09 8.07 12.89 -0.03 3.33 4.39 0.00 0.39 0.46

Missing Rate = 30% 0.08 20.63 23.37 -0.04 6.78 8.04 0.00 0.51 0.59

Mean Growth Rate

Missing Rate = 0% 0.81 0.85 0.81 0.10 0.10 0.10 -0.03 -0.03 -0.03

Missing Rate = 10% -1.13 -1.01 -0.97 0.12 0.12 0.12 -0.12 -0.13 -0.12

Missing Rate = 20% -1.61 -0.94 -0.93 0.13 0.12 0.13 -0.28 -0.29 -0.28

Missing Rate = 30% -1.75 0.05 0.36 0.11 0.11 0.10 -0.32 -0.33 -0.32

Predictor Effect on Intercept/Tau

Missing Rate = 0% -0.81 10.66 18.07 0.17 3.43 5.09 -1.21 -0.19 0.10

Missing Rate = 10% 11.01 24.68 43.47 2.32 6.23 8.67 -0.67 0.33 0.67

Missing Rate = 20% 11.88 63.68 53.14 3.08 11.40 15.32 -0.52 0.70 1.02

Missing Rate = 30% 11.34 128.15 131.23 2.84 24.38 32.84 -0.55 1.12 1.53

Predictor Effect on Growth Rate

Missing Rate = 0% 0.91 0.91 0.91 -1.16 -1.16 -1.16 -0.16 -0.16 -0.16

Missing Rate = 10% -0.56 -0.63 -0.61 -0.82 -0.82 -0.82 0.17 0.17 0.17

Missing Rate = 20% 0.43 0.13 0.14 0.02 0.02 0.02 -0.04 -0.04 -0.04

Missing Rate = 30% -0.50 -0.71 -0.90 0.68 0.69 0.68 0.11 0.11 0.11

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000

Note.  Relative bias is presented as percentages (%).  N = 1000 replications per cell.
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Table C8   

5-time point Models with Measure Reliability 0.4: Relative Bias Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.04 1.05 3.95 -0.01 1.17 1.87 0.00 -0.12 -0.03

Missing Rate = 10% 0.06 3.24 6.99 0.00 1.99 2.78 0.00 0.00 0.09

Missing Rate = 20% 0.05 8.57 11.68 0.00 2.76 3.82 0.00 -0.01 0.09

Missing Rate = 30% 0.06 14.87 18.51 0.01 4.65 5.89 0.01 -0.21 -0.06

Mean Growth Rate

Missing Rate = 0% -0.04 -0.04 -0.05 -0.34 -0.37 -0.34 0.08 0.08 0.08

Missing Rate = 10% -0.63 -0.62 -0.63 -0.62 -0.62 -0.62 -0.02 -0.03 -0.02

Missing Rate = 20% -1.28 -1.24 -1.21 -0.62 -0.63 -0.62 0.04 0.02 0.03

Missing Rate = 30% -1.51 -1.01 -0.86 -0.81 -0.82 -0.81 0.24 0.23 0.23

Predictor Effect on Intercept/Tau

Missing Rate = 0% 9.40 10.40 13.74 4.12 4.60 5.48 -0.28 -0.13 0.02

Missing Rate = 10% 7.97 18.58 25.65 3.18 6.99 8.54 -0.26 0.10 0.28

Missing Rate = 20% 10.93 46.65 47.02 4.60 11.25 13.88 -0.17 0.17 0.34

Missing Rate = 30% 10.27 75.71 87.43 3.86 16.02 20.24 -0.26 -0.39 -0.25

Predictor Effect on Growth Rate

Missing Rate = 0% 0.20 0.22 0.20 -0.13 -0.13 -0.13 0.03 0.03 0.03

Missing Rate = 10% 1.22 1.26 1.21 0.14 0.14 0.14 0.03 0.03 0.03

Missing Rate = 20% 3.08 3.13 3.09 1.22 1.22 1.22 0.04 0.04 0.04

Missing Rate = 30% 2.85 2.92 3.01 1.44 1.44 1.44 -0.32 -0.32 -0.32

Note.  Relative bias is presented as percentages (%).  N = 1000 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C9   

50-time point Models with Measure Reliability 0.4: Relative Bias Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.09 0.04 1.74 0.06 -0.27 0.66 -0.01 0.17 0.09

Missing Rate = 10% 0.10 1.16 3.23 0.11 -0.08 1.70 0.01 -0.18 -0.08

Missing Rate = 20% 0.13 0.86 3.24 0.10 -1.37 0.24 0.01 -0.03 0.09

Missing Rate = 30% 0.12 3.37 5.94 0.13 0.61 2.76 0.01 -0.02 0.11

Mean Growth Rate

Missing Rate = 0% -0.74 -0.74 -0.74 -0.39 -0.39 -0.39 -0.03 -0.03 -0.03

Missing Rate = 10% -1.60 -1.60 -1.60 -1.53 -1.53 -1.53 0.08 0.08 0.08

Missing Rate = 20% -1.49 -1.49 -1.49 0.04 0.04 0.04 -0.08 -0.09 -0.09

Missing Rate = 30% -2.65 -2.66 -2.65 -2.27 -2.28 -2.27 -0.11 -0.11 -0.11

Predictor Effect on Intercept/Tau

Missing Rate = 0% 11.26 6.12 5.88 5.60 2.34 2.07 0.26 0.25 0.15

Missing Rate = 10% 17.04 13.25 12.98 9.41 4.94 4.81 -0.78 -0.61 -0.48

Missing Rate = 20% 12.88 9.16 9.71 -2.76 -0.08 1.68 0.27 0.42 0.51

Missing Rate = 30% 14.64 22.79 25.32 8.95 7.67 8.34 -1.00 -0.33 -0.07

Predictor Effect on Growth Rate

Missing Rate = 0% -0.28 -0.28 -0.28 -0.53 -0.52 -0.52 -0.04 -0.04 -0.04

Missing Rate = 10% 2.43 2.43 2.43 -0.21 -0.20 -0.20 -0.36 -0.36 -0.36

Missing Rate = 20% -0.87 -0.87 -0.87 0.00 0.00 0.00 0.25 0.25 0.25

Missing Rate = 30% 4.56 4.56 4.56 -0.10 -0.10 -0.10 -0.32 -0.32 -0.32

Note.  Relative bias is presented as percentages (%).  N = 200 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C10   

3-time point Models with Measure Reliability 0.8: Power Results on Selected Conditions 

 

 

Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 1.00 0.88 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 0.86 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 1.00 0.83 0.99 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 1.00 0.77 0.95 1.00 1.00 1.00 1.00 1.00 1.00

Mean Growth Rate

Missing Rate = 0% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 0.99 0.99 0.99 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 0.95 0.95 0.95 1.00 1.00 1.00 1.00 1.00 1.00

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.10 0.42 0.80 0.17 0.85 1.00 0.99 1.00 1.00

Missing Rate = 10% 0.12 0.34 0.63 0.18 0.81 0.98 1.00 1.00 1.00

Missing Rate = 20% 0.11 0.26 0.40 0.18 0.74 0.91 0.99 1.00 1.00

Missing Rate = 30% 0.11 0.16 0.21 0.17 0.62 0.74 0.99 1.00 1.00

Predictor Effect on Growth Rate

Missing Rate = 0% 0.89 0.89 0.89 0.99 0.99 0.99 1.00 1.00 1.00

Missing Rate = 10% 0.81 0.81 0.81 0.98 0.98 0.98 1.00 1.00 1.00

Missing Rate = 20% 0.68 0.68 0.68 0.94 0.94 0.94 1.00 1.00 1.00

Missing Rate = 30% 0.52 0.52 0.52 0.86 0.86 0.86 1.00 1.00 1.00

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000

Note.  N = 1000 replications per cell.
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Table C11   

5-time point Models with Measure Reliability 0.8: Power Results on Selected Conditions 

 

  

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 1.00 0.88 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 0.87 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 1.00 0.86 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 1.00 0.82 0.97 1.00 1.00 1.00 1.00 1.00 1.00

Mean Growth Rate

Missing Rate = 0% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 0.97 0.97 0.97 1.00 1.00 1.00 1.00 1.00 1.00

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.12 0.44 0.84 0.20 0.86 1.00 1.00 1.00 1.00

Missing Rate = 10% 0.11 0.38 0.72 0.20 0.83 0.99 0.99 1.00 1.00

Missing Rate = 20% 0.11 0.31 0.55 0.20 0.80 0.95 1.00 1.00 1.00

Missing Rate = 30% 0.11 0.22 0.33 0.20 0.71 0.85 1.00 1.00 1.00

Predictor Effect on Growth Rate

Missing Rate = 0% 0.92 0.92 0.92 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 0.85 0.85 0.85 0.99 0.99 0.99 1.00 1.00 1.00

Missing Rate = 20% 0.76 0.76 0.76 0.97 0.97 0.97 1.00 1.00 1.00

Missing Rate = 30% 0.62 0.62 0.62 0.91 0.91 0.91 1.00 1.00 1.00

Note.  N = 1000 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C12 

50-time point Models with Measure Reliability 0.8: Power Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 1.00 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 0.91 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 1.00 0.88 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 1.00 0.91 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Mean Growth Rate

Missing Rate = 0% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.11 0.47 0.93 0.20 0.88 1.00 1.00 1.00 1.00

Missing Rate = 10% 0.13 0.47 0.90 0.20 0.89 1.00 1.00 1.00 1.00

Missing Rate = 20% 0.13 0.44 0.85 0.19 0.86 1.00 1.00 1.00 1.00

Missing Rate = 30% 0.13 0.43 0.82 0.19 0.87 0.99 1.00 1.00 1.00

Predictor Effect on Growth Rate

Missing Rate = 0% 0.97 0.97 0.97 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 0.96 0.96 0.96 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 0.94 0.94 0.94 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 0.93 0.93 0.93 1.00 1.00 1.00 1.00 1.00 1.00

Note.  N = 200 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C13   

3-time point Models with Measure Reliability 0.6: Power Results on Selected Conditions 

 

 

Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 1.00 0.85 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 0.81 0.99 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 1.00 0.76 0.96 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 1.00 0.64 0.86 1.00 0.98 0.99 1.00 1.00 1.00

Mean Growth Rate

Missing Rate = 0% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 0.98 0.98 0.98 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 0.95 0.95 0.95 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 0.84 0.84 0.84 0.99 0.99 0.99 1.00 1.00 1.00

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.10 0.35 0.58 0.15 0.82 0.98 0.97 1.00 1.00

Missing Rate = 10% 0.11 0.25 0.31 0.17 0.75 0.92 0.98 1.00 1.00

Missing Rate = 20% 0.11 0.15 0.14 0.16 0.62 0.72 0.98 1.00 1.00

Missing Rate = 30% 0.10 0.08 0.06 0.16 0.43 0.40 0.98 1.00 1.00

Predictor Effect on Growth Rate

Missing Rate = 0% 0.76 0.76 0.76 0.97 0.97 0.97 1.00 1.00 1.00

Missing Rate = 10% 0.61 0.61 0.61 0.92 0.92 0.92 1.00 1.00 1.00

Missing Rate = 20% 0.48 0.48 0.48 0.83 0.83 0.83 1.00 1.00 1.00

Missing Rate = 30% 0.36 0.36 0.36 0.69 0.69 0.69 1.00 1.00 1.00

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000

Note.  N = 1000 replications per cell.



APPENDICES     

115 
 

Table C14   

5-time point Models with Measure Reliability 0.6: Power Results on Selected Conditions 

 

  

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 1.00 0.85 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 0.83 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 1.00 0.80 0.97 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 1.00 0.73 0.92 1.00 1.00 1.00 1.00 1.00 1.00

Mean Growth Rate

Missing Rate = 0% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 0.97 0.97 0.97 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 0.91 0.91 0.91 1.00 1.00 1.00 1.00 1.00 1.00

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.12 0.38 0.68 0.18 0.84 0.99 0.99 1.00 1.00

Missing Rate = 10% 0.11 0.29 0.46 0.18 0.79 0.96 0.99 1.00 1.00

Missing Rate = 20% 0.11 0.20 0.24 0.18 0.72 0.84 0.99 1.00 1.00

Missing Rate = 30% 0.11 0.11 0.12 0.19 0.57 0.60 0.99 1.00 1.00

Predictor Effect on Growth Rate

Missing Rate = 0% 0.81 0.81 0.81 0.99 0.99 0.99 1.00 1.00 1.00

Missing Rate = 10% 0.69 0.69 0.69 0.96 0.96 0.96 1.00 1.00 1.00

Missing Rate = 20% 0.58 0.58 0.58 0.89 0.89 0.89 1.00 1.00 1.00

Missing Rate = 30% 0.44 0.45 0.45 0.78 0.78 0.78 1.00 1.00 1.00

Note.  N = 1000 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C15  

50-time point Models with Measure Reliability 0.6: Power Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 1.00 0.89 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 0.91 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 1.00 0.87 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 1.00 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Mean Growth Rate

Missing Rate = 0% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.11 0.47 0.91 0.20 0.88 1.00 1.00 1.00 1.00

Missing Rate = 10% 0.12 0.46 0.88 0.19 0.88 1.00 1.00 1.00 1.00

Missing Rate = 20% 0.13 0.42 0.82 0.19 0.85 1.00 1.00 1.00 1.00

Missing Rate = 30% 0.13 0.40 0.77 0.19 0.86 0.99 1.00 1.00 1.00

Predictor Effect on Growth Rate

Missing Rate = 0% 0.96 0.96 0.96 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 0.95 0.95 0.95 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 0.91 0.91 0.91 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 0.90 0.90 0.90 0.99 0.99 0.99 1.00 1.00 1.00

Note.  N = 200 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C16  

3-time point Models with Measure Reliability 0.4: Power Results on Selected Conditions 

 

 

Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 1.00 0.82 0.99 1.00 0.99 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 0.76 0.97 1.00 0.99 1.00 1.00 1.00 1.00

Missing Rate = 20% 1.00 0.69 0.90 1.00 0.99 1.00 1.00 1.00 1.00

Missing Rate = 30% 1.00 0.55 0.76 1.00 0.96 0.98 1.00 1.00 1.00

Mean Growth Rate

Missing Rate = 0% 0.99 0.99 0.99 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 0.96 0.96 0.96 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 0.88 0.88 0.88 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 0.72 0.74 0.74 0.97 0.97 0.97 1.00 1.00 1.00

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.09 0.28 0.36 0.14 0.77 0.93 0.95 1.00 1.00

Missing Rate = 10% 0.11 0.17 0.14 0.16 0.67 0.80 0.97 1.00 1.00

Missing Rate = 20% 0.11 0.09 0.06 0.15 0.50 0.48 0.97 1.00 1.00

Missing Rate 30% 0.10 0.05 0.03 0.15 0.29 0.20 0.97 1.00 1.00

Predictor Effect on Growth Rate

Missing Rate = 0% 0.62 0.62 0.62 0.92 0.92 0.92 1.00 1.00 1.00

Missing Rate = 10% 0.49 0.49 0.49 0.84 0.84 0.84 1.00 1.00 1.00

Missing Rate = 20% 0.36 0.36 0.36 0.72 0.72 0.72 1.00 1.00 1.00

Missing Rate = 30% 0.28 0.28 0.28 0.55 0.55 0.55 1.00 1.00 1.00

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000

Note.  N = 1000 replications per cell.
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Table C17   

5-time point Models with Measure Reliability 0.4: Power Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 1.00 0.83 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 0.80 0.98 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 1.00 0.74 0.94 1.00 0.99 1.00 1.00 1.00 1.00

Missing Rate = 30% 1.00 0.65 0.86 1.00 0.99 1.00 1.00 1.00 1.00

Mean Growth Rate

Missing Rate = 0% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 0.98 0.98 0.98 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 0.93 0.93 0.93 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 0.83 0.84 0.84 0.99 0.99 0.99 1.00 1.00 1.00

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.11 0.33 0.48 0.17 0.81 0.97 0.98 1.00 1.00

Missing Rate = 10% 0.11 0.23 0.25 0.17 0.74 0.89 0.97 1.00 1.00

Missing Rate = 20% 0.10 0.13 0.11 0.17 0.63 0.68 0.98 1.00 1.00

Missing Rate 30% 0.10 0.07 0.05 0.16 0.44 0.36 0.97 1.00 1.00

Predictor Effect on Growth Rate

Missing Rate = 0% 0.69 0.69 0.69 0.96 0.96 0.96 1.00 1.00 1.00

Missing Rate = 10% 0.57 0.57 0.57 0.90 0.90 0.90 1.00 1.00 1.00

Missing Rate = 20% 0.45 0.45 0.45 0.80 0.80 0.80 1.00 1.00 1.00

Missing Rate = 30% 0.36 0.36 0.36 0.66 0.66 0.66 1.00 1.00 1.00

Note.  N = 1000 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C18   

50-time point Models with Measure Reliability 0.4: Power Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 1.00 0.89 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 0.90 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 1.00 0.86 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 1.00 0.88 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Mean Growth Rate

Missing Rate = 0% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 30% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.11 0.46 0.90 0.20 0.87 1.00 0.99 1.00 1.00

Missing Rate = 10% 0.13 0.45 0.86 0.19 0.88 1.00 1.00 1.00 1.00

Missing Rate = 20% 0.12 0.40 0.78 0.18 0.85 0.99 1.00 1.00 1.00

Missing Rate = 30% 0.12 0.38 0.72 0.18 0.85 0.98 1.00 1.00 1.00

Predictor Effect on Growth Rate

Missing Rate = 0% 0.96 0.96 0.96 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 10% 0.95 0.95 0.95 1.00 1.00 1.00 1.00 1.00 1.00

Missing Rate = 20% 0.89 0.89 0.89 0.99 0.99 0.99 1.00 1.00 1.00

Missing Rate = 30% 0.87 0.87 0.87 0.99 0.99 0.99 1.00 1.00 1.00

Note.  N = 200 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C19   

3-time point Models with Measure Reliability 0.8: Standard Error Bias Results on Selected Conditions 

 

 

Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.93 0.92 0.94 0.98 0.98 0.97 1.01 1.01 0.98

Missing Rate = 10% 1.01 1.01 0.94 0.98 0.98 0.97 1.00 1.00 1.01

Missing Rate = 20% 1.01 0.92 0.82 0.97 0.97 0.96 0.99 1.00 0.99

Missing Rate = 30% 1.01 0.91 0.81 0.97 0.96 0.92 1.00 1.00 1.00

Mean Growth Rate

Missing Rate = 0% 0.98 0.98 0.98 0.99 0.99 0.99 0.97 0.97 0.97

Missing Rate = 10% 1.00 1.00 1.00 0.99 0.99 0.99 1.02 1.02 1.02

Missing Rate = 20% 0.99 0.99 1.00 0.99 0.99 0.99 0.99 0.99 0.99

Missing Rate = 30% 0.93 0.93 0.94 0.96 0.96 0.96 0.99 0.99 0.99

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.97 0.93 0.92 1.03 0.98 0.94 0.95 0.98 0.99

Missing Rate = 10% 0.99 0.90 0.76 0.99 0.97 0.95 1.00 1.00 1.01

Missing Rate = 20% 1.00 0.63 0.54 0.99 0.95 0.92 1.00 1.00 0.99

Missing Rate 30% 1.00 0.73 0.60 1.00 0.93 0.88 1.00 0.97 0.97

Predictor Effect on Growth Rate

Missing Rate = 0% 0.97 0.97 0.97 0.96 0.96 0.96 1.03 1.03 1.03

Missing Rate = 10% 0.99 0.99 0.99 1.00 1.00 1.00 1.01 1.01 1.01

Missing Rate = 20% 0.97 0.97 0.97 0.98 0.98 0.98 1.03 1.03 1.03

Missing Rate = 30% 0.95 0.95 0.95 1.00 1.00 1.00 0.99 0.99 0.99

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000

Note.  N = 1000 replications per cell.
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Table C20   

5-time point Models with Measure Reliability 0.8: Standard Error Bias Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.97 0.98 0.97 1.01 0.99 0.99 1.01 1.00 1.02

Missing Rate = 10% 0.97 0.97 0.95 1.01 0.99 0.99 1.01 1.01 1.03

Missing Rate = 20% 0.98 0.96 0.93 1.01 0.99 0.98 1.01 0.99 0.99

Missing Rate = 30% 0.97 0.90 0.88 1.02 0.97 0.95 1.00 1.00 1.02

Mean Growth Rate

Missing Rate = 0% 0.98 0.98 0.98 1.00 1.00 1.00 1.04 1.04 1.04

Missing Rate = 10% 0.98 0.98 0.98 1.01 1.01 1.01 1.04 1.04 1.04

Missing Rate = 20% 0.99 0.99 0.99 1.01 1.01 1.01 1.01 1.01 1.01

Missing Rate = 30% 0.97 0.97 0.97 1.00 1.00 1.00 1.03 1.03 1.03

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.98 0.97 0.97 0.94 0.97 0.99 1.04 1.04 1.05

Missing Rate = 10% 0.98 0.97 0.96 0.94 0.96 0.96 1.03 1.05 1.07

Missing Rate = 20% 0.98 0.93 0.91 0.95 0.95 0.94 1.04 1.02 1.02

Missing Rate 30% 0.98 0.83 0.80 0.95 0.95 0.92 1.04 1.03 1.03

Predictor Effect on Growth Rate

Missing Rate = 0% 1.00 1.00 1.00 1.01 1.01 1.01 1.02 1.02 1.02

Missing Rate = 10% 0.99 0.99 0.99 0.98 0.98 0.98 1.03 1.03 1.03

Missing Rate = 20% 0.95 0.95 0.95 0.97 0.97 0.97 1.01 1.01 1.01

Missing Rate = 30% 0.94 0.93 0.94 0.95 0.95 0.95 0.98 0.98 0.98

Note.  N = 1000 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C21   

50-time point Models with Measure Reliability 0.8: Standard Error Bias Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.99 1.00 0.98 1.04 1.04 1.00 0.97 0.98 0.99

Missing Rate = 10% 1.03 1.05 0.98 1.00 0.99 0.96 0.95 0.93 0.95

Missing Rate = 20% 1.00 0.97 0.95 1.01 0.98 0.96 1.03 1.02 0.98

Missing Rate = 30% 1.03 1.01 0.93 0.99 0.97 0.96 0.95 0.92 0.94

Mean Growth Rate

Missing Rate = 0% 0.97 0.97 0.97 0.98 0.98 0.98 1.00 1.00 1.00

Missing Rate = 10% 0.92 0.92 0.92 0.96 0.96 0.96 1.01 1.01 1.01

Missing Rate = 20% 0.96 0.96 0.96 1.00 1.00 1.00 0.95 0.95 0.95

Missing Rate = 30% 0.90 0.90 0.90 0.99 0.99 0.99 1.01 1.01 1.00

Predictor Effect on Intercept/Tau

Missing Rate = 0% 1.01 1.02 0.99 0.99 0.99 0.99 0.97 0.99 0.99

Missing Rate = 10% 1.01 1.01 0.96 0.96 1.00 1.06 0.99 0.96 0.95

Missing Rate = 20% 1.01 0.97 0.95 1.03 1.02 0.97 1.03 0.97 0.92

Missing Rate = 30% 1.01 0.97 0.90 0.96 0.97 0.96 0.99 0.96 0.95

Predictor Effect on Growth Rate

Missing Rate = 0% 0.96 0.96 0.96 1.00 1.00 1.00 0.99 0.99 0.99

Missing Rate = 10% 0.97 0.97 0.97 1.01 1.01 1.01 1.01 1.01 1.01

Missing Rate = 20% 0.95 0.95 0.95 0.97 0.97 0.97 1.01 1.01 1.01

Missing Rate = 30% 1.02 1.02 1.02 1.02 1.02 1.02 0.97 0.97 0.97

Note.  N = 200 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C22   

3-time point Models with Measure Reliability 0.6: Standard Error Bias Results on Selected Conditions 

 

 

Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.93 0.92 0.93 0.99 0.97 0.97 1.01 1.01 0.97

Missing Rate = 10% 1.01 0.98 0.86 0.98 0.98 0.96 0.99 1.00 1.01

Missing Rate = 20% 1.01 0.92 0.85 0.97 0.97 0.94 0.99 1.00 0.99

Missing Rate = 30% 1.00 0.95 0.92 0.97 0.94 0.89 1.00 1.00 1.00

Mean Growth Rate

Missing Rate = 0% 0.98 0.98 0.98 0.99 0.99 0.99 0.97 0.96 0.97

Missing Rate = 10% 1.00 1.00 1.01 1.00 1.00 1.00 1.01 1.01 1.01

Missing Rate = 20% 0.99 1.01 1.02 0.99 0.99 0.99 0.98 0.98 0.98

Missing Rate = 30% 0.93 0.95 0.97 0.96 0.96 0.96 0.99 0.99 0.99

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.97 0.92 0.88 1.03 0.98 0.93 0.95 0.98 0.99

Missing Rate = 10% 0.99 0.67 0.58 0.98 0.97 0.93 1.00 1.01 1.02

Missing Rate = 20% 0.99 0.65 0.56 0.99 0.93 0.89 1.00 1.00 0.99

Missing Rate = 30% 1.00 0.81 0.78 1.00 0.86 0.80 1.00 0.97 0.97

Predictor Effect on Growth Rate

Missing Rate = 0% 0.96 0.96 0.96 0.96 0.96 0.96 1.02 1.02 1.02

Missing Rate = 10% 0.99 0.99 0.99 0.99 0.99 0.99 1.02 1.02 1.02

Missing Rate = 20% 0.98 0.98 0.98 0.98 0.98 0.98 1.03 1.03 1.03

Missing Rate = 30% 0.96 0.96 0.96 1.00 1.00 1.00 1.00 1.00 1.00

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000

Note.  N = 1000 replications per cell.
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Table C23   

5-time point Models with Measure Reliability 0.6: Standard Error Bias Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.97 0.98 0.97 1.01 0.99 0.99 1.01 1.00 1.03

Missing Rate = 10% 0.97 0.97 0.93 1.01 0.99 0.99 1.01 1.01 1.04

Missing Rate = 20% 0.98 0.93 0.88 1.01 0.98 0.97 1.01 0.99 0.99

Missing Rate = 30% 0.97 0.91 0.84 1.02 0.95 0.95 1.00 1.00 1.02

Mean Growth Rate

Missing Rate = 0% 0.99 0.99 0.99 1.00 1.00 1.00 1.04 1.04 1.04

Missing Rate = 10% 0.98 0.98 0.98 1.01 1.01 1.01 1.04 1.04 1.04

Missing Rate = 20% 0.99 0.98 0.99 1.01 1.01 1.01 1.01 1.01 1.01

Missing Rate = 30% 0.97 0.98 0.98 1.00 1.00 1.00 1.03 1.03 1.03

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.97 0.96 0.98 0.94 0.98 1.00 1.04 1.04 1.05

Missing Rate = 10% 0.97 0.95 0.94 0.94 0.96 0.96 1.03 1.06 1.07

Missing Rate = 20% 0.97 0.87 0.84 0.95 0.94 0.91 1.04 1.01 1.02

Missing Rate 30% 0.98 0.71 0.69 0.95 0.92 0.90 1.04 1.03 1.03

Predictor Effect on Growth Rate

Missing Rate = 0% 1.00 1.00 1.00 1.01 1.01 1.01 1.02 1.02 1.02

Missing Rate = 10% 0.99 0.99 0.99 0.98 0.98 0.98 1.03 1.03 1.03

Missing Rate = 20% 0.94 0.94 0.94 0.97 0.97 0.97 1.02 1.02 1.02

Missing Rate = 30% 0.94 0.94 0.94 0.95 0.95 0.95 0.99 0.99 0.99

Note.  N = 1000 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C24 

50-time point Models with Measure Reliability 0.6: Standard Error Bias Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.99 1.00 0.97 1.04 1.03 0.99 0.98 0.98 0.99

Missing Rate = 10% 1.04 1.05 0.96 1.01 0.98 0.96 0.96 0.94 0.95

Missing Rate = 20% 0.99 0.97 0.93 1.01 0.97 0.96 1.03 1.02 0.98

Missing Rate = 30% 1.03 0.99 0.89 1.00 0.97 0.96 0.96 0.93 0.95

Mean Growth Rate

Missing Rate = 0% 0.97 0.97 0.97 0.98 0.98 0.98 0.99 0.99 0.99

Missing Rate = 10% 0.93 0.93 0.93 0.97 0.97 0.97 1.01 1.01 1.01

Missing Rate = 20% 0.96 0.96 0.96 1.01 1.01 1.01 0.96 0.96 0.96

Missing Rate = 30% 0.90 0.90 0.90 1.00 1.00 1.00 1.01 1.01 1.01

Predictor Effect on Intercept/Tau

Missing Rate = 0% 1.01 1.02 0.98 0.99 0.99 0.99 0.98 0.99 1.00

Missing Rate = 10% 1.01 1.01 0.96 0.96 1.00 1.07 0.98 0.95 0.95

Missing Rate = 20% 1.02 0.96 0.92 1.03 1.02 0.97 1.04 0.96 0.93

Missing Rate 30% 1.02 0.91 0.84 0.96 0.97 0.96 0.98 0.95 0.95

Predictor Effect on Growth Rate

Missing Rate = 0% 0.96 0.96 0.96 0.99 0.99 0.99 0.98 0.98 0.98

Missing Rate = 10% 0.97 0.97 0.97 1.00 1.00 1.00 1.01 1.01 1.01

Missing Rate = 20% 0.94 0.94 0.94 0.97 0.97 0.97 1.01 1.01 1.01

Missing Rate = 30% 1.00 1.00 1.00 1.01 1.01 1.01 0.98 0.98 0.98

Note.  N = 200 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C25   

3-time point Models with Measure Reliability 0.4: Standard Error Bias Results on Selected Conditions 

 

Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.93 0.92 0.91 0.99 0.97 0.96 1.01 1.00 0.97

Missing Rate = 10% 1.01 1.01 0.86 0.98 0.98 0.95 0.99 1.00 1.01

Missing Rate = 20% 1.01 1.00 0.93 0.97 0.96 0.91 0.99 1.00 0.99

Missing Rate = 30% 1.00 0.98 0.97 0.97 0.90 0.83 1.00 1.00 1.00

Mean Growth Rate

Missing Rate = 0% 0.98 0.98 0.98 0.99 0.99 0.99 0.97 0.97 0.97

Missing Rate = 10% 1.00 1.01 1.01 1.00 1.00 1.00 1.01 1.01 1.01

Missing Rate = 20% 0.99 1.02 1.02 0.99 0.99 0.99 0.98 0.98 0.98

Missing Rate = 30% 0.93 0.98 0.98 0.96 0.96 0.96 0.99 0.99 0.99

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.97 0.90 0.83 1.03 0.97 0.91 0.95 0.98 0.99

Missing Rate = 10% 0.99 0.94 0.58 0.98 0.96 0.91 1.00 1.01 1.01

Missing Rate = 20% 0.99 0.69 0.71 0.99 0.91 0.85 1.00 1.00 0.99

Missing Rate = 30% 1.00 0.80 0.79 1.00 0.75 0.71 1.00 0.97 0.97

Predictor Effect on Growth Rate

Missing Rate = 0% 0.96 0.96 0.96 0.97 0.97 0.97 1.02 1.02 1.02

Missing Rate = 10% 0.99 0.99 1.00 0.99 0.99 0.99 1.02 1.02 1.02

Missing Rate = 20% 0.98 0.98 0.98 0.98 0.98 0.98 1.04 1.04 1.04

Missing Rate = 30% 0.96 0.96 0.96 1.00 1.00 1.00 1.00 1.00 1.00

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000

Note.  N = 1000 replications per cell.
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Table C26   

5-time point Models with Measure Reliability 0.4: Standard Error Bias Results on Selected Conditions 

 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.97 0.98 0.96 1.01 1.00 0.99 1.01 1.00 1.03

Missing Rate = 10% 0.97 0.97 0.90 1.00 0.99 0.99 1.01 1.01 1.04

Missing Rate = 20% 0.97 0.90 0.84 1.01 0.97 0.95 1.01 0.99 1.00

Missing Rate = 30% 0.97 0.95 0.91 1.02 0.94 0.93 1.00 1.01 1.03

Mean Growth Rate

Missing Rate = 0% 0.99 0.99 0.99 1.00 0.99 1.00 1.03 1.03 1.03

Missing Rate = 10% 0.98 0.98 0.98 1.01 1.01 1.01 1.04 1.04 1.04

Missing Rate = 20% 0.99 0.99 0.99 1.01 1.01 1.01 1.01 1.01 1.01

Missing Rate = 30% 0.97 0.98 0.99 1.00 1.00 1.00 1.03 1.03 1.03

Predictor Effect on Intercept/Tau

Missing Rate = 0% 0.97 0.95 0.98 0.94 0.98 1.01 1.03 1.04 1.05

Missing Rate = 10% 0.97 0.93 0.89 0.94 0.96 0.96 1.03 1.06 1.07

Missing Rate = 20% 0.97 0.78 0.78 0.95 0.92 0.88 1.04 1.01 1.02

Missing Rate 30% 0.98 0.84 0.81 0.95 0.90 0.87 1.04 1.03 1.03

Predictor Effect on Growth Rate

Missing Rate = 0% 1.00 1.00 1.00 1.00 1.00 1.00 1.02 1.02 1.02

Missing Rate = 10% 0.99 0.99 0.99 0.98 0.98 0.98 1.03 1.03 1.03

Missing Rate = 20% 0.94 0.94 0.94 0.98 0.98 0.98 1.02 1.02 1.02

Missing Rate = 30% 0.94 0.94 0.94 0.95 0.95 0.95 0.99 0.99 0.99

Note.  N = 1000 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000
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Table C27   

50-time point Models with Measure Reliability 0.4: Standard Error Bias Results on Selected Conditions 

 

Trad
T2C, 

+0.33 SD

T2C, 

+1.33 SD
Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD Trad

T2C, 

+0.33 SD

T2C, 

+1.33 SD

Mean Intercept/Tau

Missing Rate = 0% 0.99 0.99 0.97 1.03 1.02 0.99 0.98 0.99 0.99

Missing Rate = 10% 1.04 1.04 0.94 1.01 0.98 0.96 0.97 0.95 0.95

Missing Rate = 20% 0.99 0.95 0.91 1.00 0.96 0.97 1.03 1.02 0.98

Missing Rate = 30% 1.03 0.97 0.87 1.01 0.97 0.97 0.97 0.93 0.93

Mean Growth Rate

Missing Rate = 0% 0.97 0.97 0.97 0.98 0.98 0.98 0.99 0.99 0.99

Missing Rate = 10% 0.93 0.93 0.93 0.97 0.97 0.97 1.01 1.01 1.01

Missing Rate = 20% 0.95 0.95 0.95 1.02 1.02 1.02 0.96 0.96 0.96

Missing Rate = 30% 0.90 0.90 0.90 1.00 1.00 1.00 1.01 1.01 1.01

Predictor Effect on Intercept/Tau

Missing Rate = 0% 1.01 1.01 0.98 1.00 0.99 1.00 0.98 1.00 1.00

Missing Rate = 10% 1.02 1.01 0.96 0.96 1.01 1.08 0.97 0.95 0.95

Missing Rate = 20% 1.03 0.95 0.9 1.03 1.02 0.97 1.04 0.96 0.94

Missing Rate = 30% 1.02 0.86 0.80 0.95 0.97 0.97 0.97 0.94 0.94

Predictor Effect on Growth Rate

Missing Rate = 0% 0.96 0.96 0.96 0.99 0.99 0.99 0.98 0.98 0.98

Missing Rate = 10% 0.96 0.96 0.96 0.99 0.99 0.99 1.01 1.01 1.01

Missing Rate = 20% 0.93 0.93 0.93 0.97 0.97 0.97 1.01 1.01 1.01

Missing Rate = 30% 0.98 0.98 0.98 1.00 1.00 1.00 0.98 0.98 0.98

Note.  N = 200 replications per cell.

Parameter

Sample size n  = 100 Sample size n  = 250 Sample size n  = 5000


