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ABSTRACT 

 

A Monte Carlo simulation was conducted to examine the conditions under which 

the simple difference and residualized change scores were more or less powerful than 

each other, and if the two estimators produced a biased estimate of the average treatment 

effect. Five factors were manipulated in the design including: sample size, normality of 

the pretest and posttest distributions, average treatment effect, the correlation between 

pretest and posttest, and posttest variance. A 5 x 5 x 3 x 4 x 4 mostly-crossed design was 

run with 1,000 replications per condition, resulting in 905,000 conditions. Results 

suggested that the covariance adjusted score in an ANCOVA designed should be used in 

pretest-posttest randomized experiments when power is of interest. Additionally, neither 

estimator produced a biased estimate of the average treatment. 
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INTRODUCTION 

Measurement of Change 

Questions about the measurement of change in experimental and quasi-

experimental designs are not new. At the heart of this matter often lies the question, what 

is the most appropriate way to analyze data between two points in time? This question 

may lead to many answers, and has been treated by Tucker, Damarin, and Messick 

(1966), Lord (1967, 1969), Cronbach and Furby (1970), and Rubin (1974). More 

recently, Rogosa, Brandt, and Zimowski (1982), Rogosa and Willett (1985), and Willett 

and Sayer (1994) have provided further insights into the realm of statistical analysis of 

pretest-posttest data, with general guidelines assisting the researcher to analyze their own 

data. Despite such provisions, no consensus has yet been reached as to which statistical 

method is the most appropriate. Rogosa (1995) has been largely responsible for writing 

about myths in longitudinal research, even going as far as offering “mottos for the 

measurement of individual change” to the reader in order to clarify what is being 

measured, and by what means should it be measured (Rogosa et al., 1982).  

The answer to this simple question traditionally comes in two forms, either the 

simple difference score (also synonymous with change and gain score) or the covariance 

adjusted score. Though a seemingly small issue, many researchers have been misguided 

by early predominating views that the difference score is inherently a poor measure of 

change, leading many to opt for the covariance adjusted score. Relatively few guidelines 

exist about the appropriateness of both statistical techniques given the question of interest 

to the researcher, making it difficult to advocate for the utility of either. Suggestions that 

have been put forth typically are based on maximizing the reliability of the outcome, 

which will be discussed as an ineffective guideline. 

 The context for the study was within a two observation study, and while contrasts 

may be drawn between the utility of two-wave and multi-wave, the main focus will be on 

a pretest-posttest design. When one is looking to study the effectiveness of an 

implemented treatment, two observation studies are reported quite frequently in the 

literature. Such a design may seem naturally appealing to a researcher as two 

observations would denote a starting and ending point to one’s study. Though advances 

in research methodology have resulted in more studies employing multi-wave designs to 
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improve the reliability of assessing treatment effects, the two-wave study remains a 

prevalent modality for many researchers. When conducting a review of the Journal of 

Educational Psychology and Developmental Psychology over the past five years for 

published manuscripts studying change, a mixture of designs were observed to be used. A 

total of 61 growth-based studies were published from 2002-2007, of which 44% (n = 27) 

used a randomized pretest-posttest experimental design. Across these randomized 

experiments researchers used three primary analytic procedures to answer questions 

about differences in change between groups. Analysis of covariance (ANCOVA) was the 

most prevalent method used (n = 12), followed by repeated measures ANOVA (n = 10), 

and posttest ANOVA (n = 5) designs. The findings suggested that not only are pretest-

posttest designs widely utilized in randomized experiments, but that researchers were 

nearly as likely to utilize a gain score as they were a covariance adjusted score. 

Subsequently, it is important to study commonly used statistical techniques in 

pretest-posttest designs. Historically, while some early researchers have advocated for the 

use of the difference score (Lord, 1956, 1963; McNemar, 1958), just as many were quick 

to provide an alternative recommendation, namely the covariance adjusted score 

(DuBois, 1957; Tucker, Damarin, & Messick, 1966). The debate regarding data analysis 

strategies for change data continued throughout the 1960’s and 1970’s (Bereiter, 1963; 

Furby, 1973; Huck & McLean, 1975; Linn & Slinde, 1977; Lord, 1967, 1969; Manning 

& Dubois, 1962), and during the 1980’s Rogosa (1982, 1983, 1985) began to counter 

arguments put forth by his predecessors to indicate that analysis of the gain score is a 

viable option. While more recent research by Zimmerman (1993a, 1993b, 1996, 1997) 

commented on the reliability of the gain score, little research has been published in the 

past 15 years regarding the trade-off between the gain and covariance adjusted scores. 

Rather, studies have tended to shift toward application (Cribbie & Jamieson, 2004; 

Jamieson, 1995, 1999; Stoolmiller & Bank, 1995), or summary (Zumbo, 1999), or a 

combination of both (Bonate, 2000). 

Traditionally, three approaches have been used to analyze change data: 1) the 

psychometric approach, 2) the latent variable approach, and 3) the factor analytic 

approach (Zumbo, 1999).  The psychometric approach is concerned with estimating true 

change based on some observed change, while accounting for unreliability of 
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measurement (Cronbach & Furby, 1970; Lord, 1963; Rogosa & Willett, 1983; 

Zimmerman, 1997). The latent variable approach is concerned with how change can be 

modeled using: a) interactions between elements of classical test theory and structural 

equation models (Raykov, 1994); b) covariance analysis to examine individual change 

(Willet & Sayer, 1994); or c) latent curve and multilevel models (MacCallum, Kim, 

Malarkey, & Kiecolt-Galser, 1997). Lastly, the factor analytic approach focuses on subset 

of designs that can be considered longitudinal factor analyses (LFA; Molenaar, 1985; 

Swaminathan, 1984). This differs from the latent variable approach as LFA emphasizes 

an exploratory, rather than confirmatory approach. While the analysis of change data can 

be largely categorized under one of these three approaches, most of the literature has 

discussed change in the context of the psychometric approach. Subsequently, a majority 

of the discussion around the difference and covariance adjusted scores has centered on its 

reliability and error. 

The debate in the literature concerning the trade-offs between the gain and 

covariance adjusted scores has been substantial, with a primary focus on perceived 

shortcomings of the gain scores, such as unreliability and invalidity. These discussions 

led to Cronbach and Furby’s (1970) now infamous conclusions that, “It appears that 

investigators who ask questions regarding gains scores would ordinarily be better advised 

to frame their questions in other ways.”, and “…gain scores are rarely useful, no matter 

how they may be adjusted or refined.” 

Lord’s Paradox 

The two statistical techniques that appeared to be in conflict with each other were 

originally summarized in Frederic Lord’s (1967) paper, known as Lord’s paradox. A 

modified scenario of this is provided. Suppose a university wanted to investigate the 

effects of the diet being provided for in university dining hall and any differences in these 

effects between male and female students. To this end, the university collected baseline 

weight data of each student at the beginning of the school year, and again at the end of 

the year. Two statisticians offered to analyze the results, each using a different approach. 

Statistician 1 studied the distribution of weight for each gender group and found that 

while boys on average weigh more than girls; the average score of each group was 

unchanged from the beginning of the year to the end of the year. The correlation between 
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the beginning and end of year scores was both positive and substantial in each gender 

group. The weight of individual students often changed between the two time points, 

some showed an increase, a proportion stayed the same, and others decreased.  

Statistician 1 concluded that with respect to the distribution of weight, no 

systematic change occurred, either for boys or for girls. The second statistician saw this 

as an opportunity to utilize the residualized difference score, using multiple regression to 

do the analysis. Since there were two gender groups and two time points, a regression 

function that predicted the end of year weight from both initial weight and gender was 

used. The coefficient was adjusted for the initial differences in weight between boys and 

girls. Statistician 2 correctly interpreted this coefficient as the average amount more that a 

boy would gain at the second weight reading, compared to a girl whose initial weight was 

the same. Whatever the university diet was doing to their weight, it was affecting the 

increase in boys’ more than it did to equally weighing girls. The paradox was that while 

Statistician 1 seemed reasonable in the conclusion that the university diet did not have 

any systematic effect between the two time points for either boys or girls, Statistician 2 

observed that boys gained more weight than girls with equal initial weight. Figure 1 

depicts the data that led to the different conclusions. 

The ellipses demonstrate the pretest-posttest weight scatterplots for the male and 

female university students, the dashed lines indicate the within-gender group regression 

lines, the solid line demonstrates the points at which students did not change their weight 

from pretest to posttest, and the frequency distributions for both groups at pretest and 

posttest are at the top and left portions of the graph. This demonstrates that Statistician 1 

correctly noted that the relatively gain of each group did not statistically differ; while 

Statistician 2 noted that the within group slopes were similar, but the initial stati were 

different and would lead to statistically significant differences when accounting for the 

pretest variability. 

Despite the apparent conflicting conclusions, Lord did not provide any type of 

resolution to this problem. This lack of clarity has led researchers to discussions about the 

appropriateness of the gain and covariance adjusted scores as data analysis methods of 

change data. An additional difficulty is the nature of the question posed by the researcher 

when analyzing pretest-posttest data. Controlled experimental designs, rather than a 
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descriptive study, might lead to choosing a particular method of analysis. While Lord’s 

paradox might appear to be asking a causal question, later discussion will show that an 

average treatment effect cannot, in fact be estimated from the data. Understanding the 

type of question that may be asked given the degree of control in the experiment is 

paramount, and will be shown as an influence on the decision of choosing an analytic 

technique. 

The Difference Score 

The creation and test of the simple difference score was one of the earliest 

methods used to analyze data measured over multiple time points (Lord, 1956, 1958). 

The difference score is appealing since it provides, in the natural metric units of the 

measure, the raw gain observed by individuals. Commentary on the difference score has 

generally been discussed within a classical test theory model, where an individual’s 

observed score (i.e., X) is a function of their true score (i.e., T) plus error (i.e., e). Thus, 

the observed score for any given individual at any given time is denoted by 

                                           ititit eTX +=                                        (1) 

where i represents the individual, and t represents time. Most representations of this 

formula fail to index time, yet Zumbo (1999) indicated that this is an important structural 

component to consider since the true score may vary for across both groups and 

assessments. The difference score is defined as  

                                         iii XXX 12 −=Δ ,                                    (2) 

representing that an individual has changed from 1X  to 2X . Generalizing the relationship 

between Eqs. 1 and 2, a true score model of change may be expressed as  

         iii eTX Δ+Δ=Δ , where 

                                         iii TTT 12 −=Δ  and                                     (3) 

                                                         iii eee 12 −=Δ  .                               

Reasons for Abandonment of the Difference Score 

The difference score has been a viable option for researchers to use in two-wave 

designs, but several authors have condemned its use (e.g., Cronbach & Furby, 1970). The 

majority of such arguments stemmed from notion that the difference score was an unfair 

measure of change. Cronbach and Furby’s (1970) criticism of the difference score as 
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being biased and unreliable resulted in researchers changing their research questions, or 

seeking alternative statistical techniques of change. Reactions from the paper were so 

strong, that most believed the idea that the difference score was an inherently poor 

method and that alternatives should be utilized. More recently, research from Rogosa et 

al. (1982) and Rogosa and Willet (1983) have demonstrated that the difference score is, 

in fact, unbiased and reliable. Their findings verified that regardless of the individual’s 

true score at the first time point or the value of  ieΔ , the expected value of iXΔ  over an 

individual’s distribution of counterfactual replications was an unbiased estimate of iTΔ . 

While this conclusion correctly discussed the unbiased nature of the difference score, the 

idea that the difference score was unfair still prevailed (Zumbo, 1999). Continual 

discussions regarding this unfairness of the difference score have focused on three 

prominent propositions: 1) negative correlations between change and initial status are 

frequently observed, 2), the difference score is unreliable, and 3) the difference score is 

inherently invalid.  

Correlation between Change and Initial Status 

 The issue surrounding the correlation between initial status and change 

(i.e., )( 1 XX Δρ ) has been discussed often in the literature (Cronbach & Furby, 1970; Furby, 

1973; Linn, 1977; Lord, 1963; Rogosa et al., 1982; Zumbo, 1999), since the question, 

“What is the correlation between change and initial status?” results in several correct 

answers. Three types of change with regards to the correlation have been proposed and 

discussed: the law of initial values; the overlap hypothesis; and fan-spread change. The 

law of initial values describes a situation when a negative correlation between change and 

initial status is observed, the overlap hypothesis refers to when no relationship exists 

between change and initial status (i.e., zero correlation), and fan-spread change reflects a 

positive correlation between change and initial status.  

A negative correlation between change and initial status was one of the conditions 

most commonly discussed in papers by Linn (1977), Cronbach and Furby (1970), and 

Lord (1963) as a reason to abandon the difference score. The argument made was that a 

negative correlation occurs because of either regression toward the mean or because of 

the discrepancy in direction in Eq. 3, where a positive sign for ieΔ  and negative sign for 
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ie1 is observed. Regression toward the mean typically describes the idea that individuals 

that score high on an initial administration of a test will often score lower at a subsequent 

administration of the same test, and that students who score low on a test will tend to 

score higher on following administration. Zumbo (1999) noted that most researchers that 

have discussed regression toward the mean in relation to negative correlations have 

argued that regression toward the mean occurs across most contexts of pretest-posttest 

designs. Rogosa and Willett (1985) conceded while this does occur, it will only happen in 

a two-wave design when: 

1

1

2

2
]|[ 12

T

T

T

T CCTTE

σ
μ

σ
μ −

<
−=

.  (4) 

This equality shows that an expected time 2 true score (given  a time 1 true score equal to 

C) will be less standardized units away from its population mean (
2Tμ ) than the time 1 

score C is from its respective population mean (
1Tμ ). This only occurs; however, when 

the correlation between the time 1 and time 2 true score is less than one. Since it is rare to 

find consistent correlations of 1.0, it is assumed the repeated measures correlation will be 

less than this estimate. Given this assumption, Rogosa et al. (1982) recommended 

reducing the inequality to be viewed in the metric of the measure, rather than in terms of 

the standardized units by using 

12
]|[ 12 TT CCTTE μμ −<−= . (5) 

Using this approach, Eq. 4 will equal Eq. 5 when the standard deviations of the 

true scores are equivalent at time 1 and time 2. Moreover, Eq. 5 is only satisfied when a 

negative correlation between initial status and change is observed. As such, while earlier 

researchers suggested that regression toward the mean occurs across multiple contexts, it 

is shown here that it is only observed when the correlation is negative, and the negative 

correlation only occurs when the standard deviations of the pretest and posttest are set to 

be equal (Rogosa et al., 1982). Healy and Goldstein (1978) also demonstrated that 

regression toward the mean was simply a result of having constrained the variances of the 

two time points to be equal. Conclusively, it may be stated that in the context of the 

repeated measures design, regression toward the mean is the same as the law of initial 

values, and only occurs when the above conditions hold. 



   

8 
 

The second argument made about a negative )( 1 XX Δρ  concerns the relationship 

between ieΔ  and ie1 in Eq. 3. Some authors have contended the reason that a 

negative )( 1 XX Δρ  exists is due to the error term in 1X  and iXΔ  having opposing directions 

(Lord & Novick, 1968; Thordike, 1924). In order to fully understand this relationship, a 

discussion of the ratio between posttest and pretest variance (i.e., λ) is relevant. Rogosa’s 

(1995) work previously demonstrated that direction of )( 1 XX Δρ will depend on the 

centering of initial status in multi-wave designs; however, such applications are not 

available in the two-wave context. Zimmerman and Williams (1982) undertook this issue 

and developed mathematical guidelines, proving that it is λ that can be used to assist 

researchers in determining the nature of the initial status/change correlation in their data. 

Specifically: 

                        1. )( 1 XX Δρ < 0 only when )( 2121 XXXX ρσσ >  

   2. )( 1 XX Δρ > 0 only when
12 XX σσ >                    (6) 

   3. )( 1 XX Δρ = 0 only when )( 2121 XXXX ρσσ =  

where 
1Xσ and 

2Xσ are the standard deviations for observations at the pretest and posttest, 

and )( 21XXρ  is the pretest-posttest correlation. These guidelines allow the researcher to 

assess the degree of association between initial status and change without necessarily 

calculating the reliability of observed scores or standard errors of measure. Furthermore, 

the mean pretest or posttest scores, true score information, or error score information are 

not necessary to determine the nature of the correlation between initial status and change. 

As long as one is able to determine the standard deviations at each time, as well as the 

correlation between times, it is possible to know if the correlation is positive, negative, or 

zero.  

These guidelines were further maintained by Rogosa et al.(1982) who showed that 

the correlation between initial status and change depends on λ. Rogosa and his colleagues 

further showed in the context of a multi-wave design, that when at least a moderate 

estimate of )( 21XXρ  is observed, the correlation between initial status and change 

monotonically increases, with a lower asymptote of -1.0 and upper asymptote of 1.0. It 
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was also demonstrated that )( 1 XX Δρ  is a poor estimator of the true score correlation )( 1 TT Δρ , 

which was attributable to both attenuation problems due to measurement error, as well as 

a predominant tendency for )( 1 XX Δρ to be negatively biased. These conditions will then 

lead to the often observed negative )( 1 XX Δρ , even when the true score correlation is zero 

or positive (Rogosa, 1995). The effect of the differing signs in the error term, therefore, is 

only dependent on λ. 

 Previous research has contended that the difference score should not be used 

based on an expected negative )( 1 XX Δρ . Such arguments have stemmed from basic 

misunderstandings about the relationship between observed and true correlation 

estimators, as well as the conditions under which regression toward the mean may occur. 

The supposition that the difference score should not be used is based on an argument that 

assumes equal variances across time; an assumption which is not often observed in 

experimental or quasi-experimental designs.  

Unreliability of the Difference Score 

A second contributing component to the controversy of the utility of the 

difference score is the nature of its reliability. Similar to the first issue of the gain score, 

the unreliability proposition stemmed from Cronbach and Furby (1970). Reliability of the 

gain score may be defined from the classical test theory perspective as 

22

2

)(

eT

T

X

ΔΔ

Δ
Δ +

=
σσ

σ
ρ  (7) 

where 2

TΔσ  is true score variance, and 2

eΔσ is the error score variance. This has largely 

been attributed to the fact that when )( 21XXρ  is at least .50, and the reliability of X is at 

least moderate (e.g., .70), the reliability of the difference score is observed to be very 

low. Linn and Slinde (1977) as well as Rogosa et al. (1982) have summarized this 

relationship in tabular format (Table 1). One may observe that for each any given )( 21XXρ , 

)( XΔρ will increase as the reliability of X increases. Conversely, for any given )( Xρ , the 

relationship between )( XΔρ  and )( 21XXρ is inverse. The conclusion that only when )( 21XXρ  is 

weaker and )( Xρ is very strong does an acceptable level of reliability exist for the 

difference scores, is generally unacceptable to most researchers. 
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While these patterns may exist, it’s important to note that a number of 

assumptions are made in order for the results of Table 1 to happen. First, it is assumed 

that )( Xρ  is constant over time. Connected to this assumption is that the variances of the 

observed scores at both times are also equal, which subsequently implies that the true 

score variances are equal. Somewhat counterintuitive in Table 1 is that when )( Xρ and 

)( 21XXρ are maximized (i.e., .90), )( XΔρ = 0. Individual growth curves when )( 21XXρ  is high 

and variances are equal will show trend lines that are parallel. When no variability exists 

between individuals, Eq. 7 shows that the estimated reliability will be equal to zero. This 

is where the difference score has received a bad reputation; since mathematically, 

researchers have rightly concluded that it can’t detect differences between individuals 

that do not exist. When variability is introduced in individual change, this often results in 

a more moderate correlation between the first and last assessments, and the reliability of 

the difference score is maximized; however, such assumptions restrict the generalization 

that such stringent conditions are necessary to produce a reliable difference score. 

Another useful heuristic to shed light on the misconception of the reliability of the 

difference score was shown by Rogosa et al. (1982) who presented that when )( 2Xρ  = .90, 

)( 1 TT Δρ = 0, and )( 1Xρ  was allowed to vary, that for a given a )( 21TTρ  of .40-.60, the 

reliability of the difference score is more reliable than the reliability of the individual 

measures themselves. Even with a high correlation, the difference score still performed 

reasonably well. This information supported the notion that the difference score is 

reliable when individual differences in true change existed. In light of this observation, it 

is easy to understand why many authors condemned the use of the difference score based 

on the apparent poor reliability. Furthermore, as demonstrated previously, when 

disattenuation is applied, the reliability increases to more acceptable levels. Given these 

findings, Zimmerman, Williams, and Zumbo (1993a) proposed an alternative expression 

for estimating )( XΔρ , and treated )( 21XXρ as a true score parameter in the model: 

)()(

)()()(

)(

21

21

1 TTX

TTXX

X ρρ
ρρρ

ρ
−

−
=Δ  (8) 
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Using a similar parametric guideline from Table 1, but substituting )( 21XXρ  for the true 

score counterpart, Table 2 demonstrates that as the reliability of X increases, the 

reliability of the difference score increases as well. More importantly, for any given value 

of )( Xρ , the reliability of the difference score decreases as )( 21TTρ increases, reflecting an 

increase in the homogeneity of change among individuals. Though this relationship was 

also reported for the observed time change correlations as well (Table 1), the decrease 

was not as graded, and when both )( 21TTρ  and )( Xρ  are maximized the reliability of the 

difference score is .47 rather than 0. Though it has been previously demonstrated that the 

statistical properties of the difference score are unbiased, many researchers criticize the 

difference score for its proposed unreliability. Recent developments however have shown 

that the claims aren’t necessarily true (Rogosa et al., 1982; Rogosa Willett, 1983, 1985; 

Zimmerman, Williams & Zumbo, 1993a, 1993b), and that the difference score is reliable.  

Invalidity of the Difference Score 

The last general argument to the poor nature of the difference score is the 

proposed lack of simultaneous reliability and validity. While the reliability of the 

difference score has garnered much attention, validity has recently become a focal point. 

Linn and Slinde (1977) argued that it was not possible for the difference score to be a 

reliable measure of change as well as being valid at the same time.  

Bereiter (1963) had previously referred to this as the invalidity/unreliability 

argument, which posited that when )( 21XXρ  is positive and large in magnitude, or at least 

is as large as )( Xρ , then the reliability of the differences score is low. Additionally, when 

)( 21XXρ  > )( Xρ , the reliability of the difference score is negative (Zimmerman, Williams, 

& Zumbo, 1993b). When examining Eq. 7, and now substituting the true score parameter 

)( 21TTρ with the observed score counterpart )( 21XXρ , a Time 1-Time 2 correlation greater 

than the common reliability results in difference score reliability that is negative. Since 

reliability is to have bounds of 0 and 1, this makes the result undefined. Such a finding 

has prompted individuals to inappropriately draw the conclusion that when high validity 

is observed, evidenced by the correlation between measures at the pre- and posttest, poor 

reliability will concurrently be detected.  
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Rogosa et al. (1982) rightly corrected this criticism by noting that the use of pre- 

and posttest correlations as an indication of construct validity is inappropriate, and any 

estimate is simply reflective of the stability of participant rank order for both time points. 

A group of individuals may be rank ordered the same way according to some other 

covariate assessed, but this does not mean that the same construct is being measured on 

both occasions. The invalidity argument does not generally apply since it misrepresents 

)( 21XXρ  as an index of construct validity. High reliability, therefore, does not imply low 

validity, and low reliability does not necessarily indicate a lack of precision in 

measurement (Rogosa et al., 1982).   

Gain Score Rebuttal 

Though the debate about the gain score continues in the literature, recent research 

has rebutted the three primary concerns about the gain score and that the circumstances 

under which ubiquitousness was assumed was more locally observed. At the heart of the 

contention has been the issue of reliability, yet this argument may only hold when certain 

assumptions about the data are made. As Eq. 8 defines the reliability of the gain score, it 

is apparent that when reliability is the primary question of interest for its utility, only one 

condition exists when the gain score should not be used. The following condition must 

have all elements simultaneously hold: 1) the correlation between pretest and posttest is 

large and positive, 2) observed score pretest and posttest variances are equal, 3) true score 

pretest and posttest variances are equal, 4) pretest and posttest reliability are equal, and 5) 

the true score correlation between initial status and change is less than zero (Rogosa et 

al., 1982). If the conditions do not concurrently exist, then the reliability of the gain score 

is acceptable. 

Beyond just the reliability of the gain score, the overall concept of reliability has 

recently been called into question (Collins, 1995). She argued, as did Rogosa et al., 

(1982), that the estimation of reliability does not account for change, where a measure 

can be precise, yet lack reliability. This lack of mutual exclusivity indicated that, at the 

very least, the issue of reliability is not an appropriate litmus test to use in the 

determination of whether or not a gain score should be used. Further, while reliability is 

traditionally thought of to be one of the most important psychometric properties, it is well 

known that reliability estimates such as Cronbach’s alpha will vary from sample to 
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sample and are score specific, not test specific. Given a repeated measures design, 

reliability as a measure of relative rank order does not provide information that the 

researcher should necessarily base a data analytic decision on. 

Collins (1995) made a call for the development of new measurement theories to 

account for change, and some progress has been made by Embretson (1994) and 

Zimmerman, Williams and Zumbo (1993a) who are using new advances such as item 

response theory and latent variable models to improve the concept of reliability. It may 

be more appropriate to view the concept reliability as incomplete, rather than obsolete in 

the classical test theory notion. Hence, if reliability is incomplete, then so is the 

discussion about the appropriateness of the gain score.  

The Covariance Adjusted Score 

The response to the Cronbach and Furby (1970) paper caused such a sustained 

reaction, conditioning researchers to abandon the gain score, that alternative analyses of 

change were necessary to apply to the pretest-posttest design. Though the application of 

the covariance adjusted score preceded discussions of the unreliability of gain scores, it 

was more adamantly proposed as a corrective measure for the perceived problems of the 

gain score. It was largely touted as an analysis that was unbiased, precise, and reliable. 

Rogosa et al., (1982) defined the true covariance adjusted score for an individual (i.e., 

iXRT
Δ

) as the amount of change that would occur if all individuals in the sample had the 

same true initial status.  Several methods of estimating the covariance adjusted score have 

been described in the literature, the most popular of which were proposed by Dubois 

(1957) and Manning and Dubois (1962). They originally showed that an individual’s 

observed covariance adjusted score (
iXRΔ ) could be estimated from an ordinary least 

squares regression (OLS) as: 

)()( 1122 12
XXXXR iXXiiX −−−=Δ β     (9), 

where true change for an individual is described as  

)()( 12 1122
XTXTT

iiiX XXXXR −−−=
Δ

β       (10). 

Though this method is frequently used, a number of issues plague the suggested 

unbiased, precise, and reliable nature of this method.  
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Since a pretest score is measured with a certain degree of error, an observed 

residual will be not consistent in its estimation of the true residual (Bond, 1979, Messick, 

1981). Subsequently, in an OLS regression, the residual becomes an imprecise estimator 

of the true residual (Rogosa, 1995). Secondly, outliers are a well known concern when 

using regression. When one examines data from a scatterplot, data points that depart for 

the distribution may be identified as influential observations and are further examined for 

impact on the data. Using OLS regression and making decisions on influential 

observations based on residuals may provide conflicting information to the visual 

identification of outliers.  As such OLS may make data points that in a scatterplot appear 

to depart from the sample normal distribution appear as a small residuals, while also 

producing large residuals for data points that may not be considered outliers (Lind & 

Zumbo, 1993).  

Figure 2 demonstrates this relationship where a point outside of the distribution 

that visually may considered to be an outlier would not be identified as one using a 

residual based on a small departure from the fit line (i.e., A), whereas a point at the 

bottom of the distribution (i.e., B) would show as having a larger residual in OLS. The 

presence of outliers will bias the estimation of the regression parameter and inflate the 

residual variance. Since OLS estimates are not robust to outliers, inaccurate parameter 

estimates may result (Bonate, 2000).  

A third consideration is that the definition of 
iXRΔ  itself, outlined by Rogosa et al. 

(1982), has led researchers (Rogosa et al., 1982; Zimmerman & Williams, 1982; Zumbo, 

1999) to recommend against the use of the covariance adjusted score since it is typically 

not expected that 
iXRΔ would be equal to true change. Traub (1967) noted that 

iXRΔ  is not 

an unbiased estimator of true change, and that 
iXRΔ will methodically be overestimated or 

underestimated depending on whether scores on the pretest are above or below the mean 

and the direction of the regression coefficient. 

Though researchers were quick to abandon the use of the difference score, many 

have continued to use the covariance adjusted score, despite these limitations. Several 

reasons exist for the widespread use of this statistical technique. A primary attribution 

may be related to the reaction to the Cronbach and Furby (1970) paper. The authors 

advocated that questions regarding change were not warranted and researchers should 
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change the nature of their inquiries. Further, others such as Rogosa et al (1982), Rogosa 

and Willett (1983), and Maxwell (1998) have all indicated that individual growth curves 

and multi-wave designs will improve the reliability and power of one’s design. Though 

both the gain and covariance adjusted scores were critiqued by Cronbach and Furby 

(1970), the latter was only done so in the context of quasi-experiments. Pretest-posttest 

designs continue to find favor with researchers, indicating that multi-wave studies using 

individual growth curves are either not as easily understood or not as viable to apply in 

many settings. 

Zumbo (1999) proposed that many researchers continue to use the covariance 

adjusted score with the notion that it is an indirect measure of true change. True 

covariance adjusted score is a linear function of true change (Eq. 10), leading one to 

incorrectly assume that the results and implications made based on 
iXRT

Δ
may also be 

extended to TΔ . Reiterating Rogosa et al. (1982) who stated that the observed covariance 

adjustment is dependent on the true initial status of the sample being equal, it is not 

expected that individuals should have an equal true initial status.   

Beyond the statistical criticisms of the covariance adjusted score, a conceptual 

consideration should be examined as well. When the regression adjustment of the posttest 

becomes relative to individuals’ initial pretest status on particular measure, the question 

that covariance adjusted score answers is not, “How much did an individual change on a 

particular attribute from pre-test to posttest?” but rather, “If all participants started out at 

the same pre-test score how much did an individual change from pretest to posttest?” The 

viability of this question needs to be examined by researchers on to determine if that is 

truly their question of interest. While the covariance adjusted score has replaced the 

difference score in the analysis of change for a variety of reasons, the statistical criticism 

of what the result from this type of analysis is truly measuring suggests that one should 

careful evaluate the utility of the score and the degree to which it is utilized.  

Though its primary purpose was to alleviate problems with the difference score 

(i.e., unreliability, negative correlation with initial status, etc.), these areas have been 

shown to be limited to very restrictive conditions, and should not be applied to the 

general properties of the gain score. Thus, when one uses the covariance adjusted score, it 

should not be done so without careful consideration its own limitations. More 
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importantly, it appears that with the advancement in the literature on the measurement of 

change, little guidance still exists to guide researchers in the choice and application of the 

two statistical techniques. 

Decision Rules 

Given the breadth of knowledge that is associated with change designs, it is 

surprising that difficulty exists in providing guidelines to researchers on the best way to 

analyze their data. Prior work by Holland and Rubin (1983), Zimmerman (1983), and 

Zumbo (1999) have led to proposed guidelines on when to use the simple gain or 

covariance adjusted data analysis strategies. Zumbo’s work led to the development of a 

flow chart (Appendix A) to facilitate researchers’ processes of selecting a correct 

analysis, contingent on the researcher’s questions of interest. The nodes and decisions are 

based on the presumption that the researcher is interested in maximizing the reliability of 

the index of change. From the prior discussion, it is evident that reliability might in fact 

be a weak source of determination for the type of outcome variable. Nevertheless, a key 

feature of Zumbo’s recommendations is that despite some imperfections of both methods, 

each one has its appropriate utilities, given the properties of the data.  

As it relates to Lord’s paradox, it is not important to solely identify a correct data 

analysis procedure but to understand two problems, “What is the research question of 

interest?” and “How were participants assigned to conditions?” According to Holland and 

Rubin (1983) the latter should inform the former in making decisions about the estimator 

of change. Questions related to the first problem include “Did a participant significantly 

change?”, “Who gained more from the treatment?”, or “Did the treatment cause a 

significant change from pretest to posttest?” Typically, researchers may erroneously 

believe that all three questions are addressing the same substantive query, when the 

answer to the second problem has not been solved. Change questions must not only rely 

on the nature of one’s data (i.e., variances, pretest-posttest correlations, etc.), but the type 

of study as well, either experimental or quasi-experimental. Holland and Rubin (1983) 

summarized most primary studies as either being descriptive, uncontrolled causal, or 

controlled causal studies. Descriptive studies refer to designs where no experimental 

manipulation has occurred and no treatment indicator exists. Both uncontrolled and 

controlled causal studies involve experimental manipulation, and vary only in the degree 
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that the experimenter has control over the treatment indicator. The resolution to Lord’s 

Paradox is best understood in the contexts of how an average treatment effect may be 

estimated, how participants are assigned to groups, and if the pretest is treated as a 

baseline (i.e., gain score) or a covariate (i.e., covariance adjusted score) For the purposes 

of the current discussion, only the controlled causal study is considered. 

Rubin’s Causal Model 

In a pretest-posttest design, estimation of the average treatment effect (τ) involves 

comparing a participant’s score who received an intervention, with what would have been 

attained if no intervention had taken place. In this example, tX  is a participant’s score 

when receiving the intervention, and cX is their score without intervention; thus, tX  - 

cX  would be the causal effect for a specific individual. This is commonly known as 

Rubin’s Causal Model, and is described as: 

.
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According to Rubin (1974), the average treatment effect has a value on the posttest for all 

participants in the population, with a value of tX 2 for the treatment, and cX 2  for the 

control. The population values of 
tX 2

μ and 
cX ′2

μ are the mean posttest values of the 

treatment and control conditions, respectively, over all participants.    

A potentially confounding issue is that while the average treatment effect is 

defined by Eq. 11,  ct XX 22 − can never be directly observed since participants cannot be 

assigned to both conditions. This observation may best be described by extending the 

right side of  Eq. 11, and expressing the posttest scores as conditional expectations that 

are defined by the treatment indicator (Z = 1 [treatment], Z = 0 [control]): 

)0|(

)1|(

)0|(

)1|(

2

2

2

2

2

2

2

2

==

==

==

==

ZXE

ZXE

ZXE

ZXE

cX

cX

tX

tX

cc

ct

tc

tt

μ

μ

μ

μ

       (12) 

where the first subscript notation is an indicator of the condition to which the subject has 

a score while the second subscript indicates the group to which the subject is assigned. 
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ttX 2
μ is the treatment score for an individual who is assigned to the treatment group, 

tcX 2
μ is the treatment score for an individual who is assigned to the control group, 

ctX 2
μ is 

the control score for an individual who is assigned to the treatment group, and 
ccX 2

μ is the 

control score for an individual who is assigned to the control group. From this 

reorganization, only
ttX 2

μ and 
ccX 2

μ can actually be observed by the sample means of 

ttX 2 and ccX 2  (akin to ct XX 22 , ). Applying Eq. 12 to the estimation ofτ , the gain score 

( iXΔτ ) and covariance adjusted score ( iXRΔτ ), can be defined as: 
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where 
12 .XXβ  is the slope for the regression of the treatment and control groups’ posttest 

score on their respective pretest score. Restated differently, Porter and Raudenbush 

(1987) expressed the averaged treatment effect from each procedure with: 
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  (14).  

In both Eqs. 13 and 14, the primary difference in estimation of the average treatment 

effect between the two analyses is based on inclusion of 
12 .XXβ  in the iXRΔτ . An important 

feature of Eq. 14 in the context of a randomized experiment, is that when 
12 .XXβ = 1, both 

the covariance adjusted and gain score analyses will estimate the same effect. Even when 

12 .XXβ ≠ 1, both analyses should estimate the same treatment effect since )(
11 ct

XX μμ − = 0 

when random assignment occurs. 

           Maris (1998) used this information to demonstrate that the designation of the 

pretest as either a baseline or covariate can result in unbiased estimates of τ ; however, 

his general conclusion was that when the pretest is not used to assign participants to 

conditions, the covariance adjusted score will always be a biased estimator ofτ . If 

random assignment is conducted on something other than the pretest, Maris contended 

that the posttest difference (
ttX 2

μ - 
ccX 2

μ ) would be a better alternative than the covariance 

adjusted score. When treating the pretest as a baseline, Maris stated that the only 
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conditions under which the gain score could produce a biased result are when either one 

assumes that the true score of the posttest equals the pretest true score for all participants, 

or when random assignment based on the pretest is done but a lack of treatment effect 

exists. Even for these described conditions, a biased iXΔτ  may not exist since in the 

former case there is no reason as to why an equality of true score values should assumed 

(Maris, 1998). In the latter condition, Maris does not contend that a biased iXΔτ  will, in 

fact, result, but merely that randomizing on the basis of the pretest could potentially 

produce the biased estimate. 

Maris’ (1998) various arguments produced several recommendations to guide 

researchers in choosing an analysis of average treatment effects in the context of the 

randomized study. First, when the pretest is used as the assignment mechanism the 

covariance adjusted score will always produced unbiased estimates on expectations. 

Second, when assignment is not based on a known mechanism, such as in quasi 

experimental designs, a firm decision about the appropriateness of either statistical 

technique is unknown. The covariance adjusted score will always be biased, and iXΔτ  has 

the potential for producing a biased estimate. Third, when assignment is not affected by 

the pretest, iXΔτ  may be biased, but unrelated to measurement error. Note that Maris’ first 

recommendation does not state that the gain score shouldn’t be used because it is 

problematic, but that due to its potential bias, should not be considered as strongly as the 

covariance adjusted score.  

 Accounting for the trade-offs in choice, given the nature of the data and design, 

and now returning to Lord’s (1967) paradox, several features are worth mentioning. The 

most prominent element lies in the question of the paradox, “Do male and female 

students differ in the amount of weight change over the school year as a function of the 

university diet?” This question precludes an analysis of change without making an 

assumption about the unobserved control group posttest score. Because of this, the reason 

that the two statisticians derive competing conclusions is that each makes a different 

assumption about the unobserved data. Statistician 1 (i.e., gain score) assumed that a 

control group’s posttest weight would be equal to their pretest weight, while the second 

statistician who used the covariance adjusted score assumed that the control group’s 

posttest weight was equal to an expected treatment posttest score given the pretest for 
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both the experimental and control groups. Since no control condition existed, there is no 

information about a control group’s posttest score. Furthermore, the analyses chosen by 

the two statisticians are based on untestable assumptions regarding a control group. Thus, 

the paradox may only be examined as a question of average treatment effects for males 

and females separately, and τ cannot be estimated. 

Data Analysis Choice in the Randomized Experiment 

Other decisions about the preference of a particular method of data analysis can 

be made on purely mathematical reasoning. When one is concerned about the power to 

detect an effect in a randomized study, prior research has demonstrated that the 

covariance adjusted score typically outperforms the gain score (Huck & McLean, 1975), 

and is a more sensitive test for detecting treatment effects. Such conclusions are based on 

the assumption that the between-group pretest means are equal as a function of the 

random assignment. When random assignment of units to conditions occurs, the between-

group sum of squares ( )(bgSS ) from the covariance adjusted analysis becomes same as the 

sum of squares from the gain score analysis. The within-group sum of squares for the 

covariance adjusted score ( )(
iXRwgSS

Δ
) is defined as 

)()1( )(

2

)()( 1XwgwXwgRwg SSbSSSS
iX

−−= ΔΔ
        (15), 

where wb is the pooled within-group regression coefficient. When wb ≠ 1, the effect size 

for 
iXRΔ will be greater than the effect size from the gain score analysis; however, when 

wb = 1, the gain score will be at least as powerful as 
iXRΔ  since both will have the same 

)(bgSS  in the numerator and wgSS in the denominator of the F-ratio.  

Although researchers have used such proofs as evidence to use
iXRΔ , several 

important assumptions are made when doing so; namely, that the data are normally 

distributed and that the pretest and posttest variances are equal. Such assumptions are 

often untenable, as data rarely have skew and kurtosis values of zero. Similarly, the 

assumption that pretest and posttest variances are equal implicitly states that the observed 

reliability of scores at both times is also equal, which further suggests that true score 

variances are equal. As previously discussed, these sets of conditions do not necessarily 

reflect the properties of all data. Furthermore, when variances are assumed to be equal 
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and one is interested in the power to detect an effect, the conclusion that 
iXRΔ is more 

powerful than iXΔ  does not generalize to the situation where fan-spread growth is 

observed. Since fan-spread growth is defined by increasing variance from pretest to 

posttest, it may be stated that the degree to which the covariance adjusted score is more 

powerful than the gain score is a mathematical uncertainty. Stoolmiller and Bank (1995) 

showed that when variances increased from pretest to posttest, the gain score model 

tended to be more powerful than the covariance adjusted score model at detecting effects, 

but when variances were equal, the covariance adjusted score was more powerful. Since 

the latter finding was in congruence with the mathematical proofs, it is apparent that 

much is still unknown about the performance of 
iXRΔ  and iXΔ  under certain conditions, 

thus precluding a comprehensive discussion of the relative efficiency of each statistical 

technique. 
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SUMMARY 

 

Much as been written and debated over the past forty years about the utility of the 

gain and covariance adjusted scores. The concerns are primarily rooted in a psychometric 

approach, with issues pertaining to reliability as the chief reason that the gain score 

should not be used. More recent research has corrected these myths about analyzing 

change data, showing that the circumstances under which the gain score was perceived to 

be unreliable or invalid is more locally observed.  In experimental designs, Maris (1998) 

noted that when randomization on the pretest occurs, a potentially better statistical 

technique for change is the covariance adjusted score, yet no substantive defense was 

provided as to why the gain score should not be used. Similarly, the circumstances under 

which both the covariance adjusted and the gain score may produce biased estimates of 

the treatment effect are more restrictive then they are broad. If both methods in a 

randomized control study are unbiased, the question still remains as to what conditions 

exist when each one might be preferred.  

The choice of analytic strategy for a pretest-posttest data in the randomized 

control context may be more informed by knowing which one is more powerful in 

detecting significant effects. Though power and reduction in bias are two optimal choices 

when making a decision about the method of analysis, virtually none of the recent 

commentaries on the gain score or covariance adjusted score have included these 

components in the discussion. Some evidence has shown algebraically that the covariance 

adjusted score is more powerful than the gain score, yet the proofs of this assume 

normally distributed data and equal pretest and posttest variances.  

Williams and Zimmerman (1996) noted that there has been a consistent lack of 

data-based investigations into the performance of the two statistical techniques, centering 

instead on theoretical and methodological considerations (e.g., Cronbach & Furby, 1970). 

Recent studies have begun looking at under what conditions the gain and covariance 

adjusted scores are appropriate; however, they are limited in their focus as the 

manipulation of reliability (Jamieson 1995) or skew (Cribbie & Jamieson, 2004) have 

been the primary foci. It is important to test other elements of how these statistical 

techniques functions beyond reliability in order to give researchers a more 
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comprehensive idea of how the choice of data analysis procedures will influence power 

to detect effects in their data.  
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METHOD 

 

Data Simulation Design 

 The primary aim of the study was to use data simulation to assess the performance 

of the gain and covariance adjusted scores under realistic data conditions to answer 

questions of interest. Monte Carlo simulation studies are a useful alternative in assessing 

outcomes that may not be easily or directly evaluated using a theoretical or mathematical 

approach. This method provided a venue for assessing quantitative questions of interest 

without collecting data, and allowed for the manipulation of key moments and factors of 

interest (Fan et al., 2000).  

Statement of the Problem 

Full understanding of the performance of the gain and covariance adjusted scores 

in an experimental context is incomplete. Conventional application of each has been to 

use the gain score approach to provide simple, intuitive information to guide the 

researcher in determining what relationship exists between treatment and change; and to 

use the covariance adjusted approach as a method that controls for the perceived inherent 

flaws of the gain score approach.  In order to examine the conditions under which 

covariance adjusted and gain scores were most appropriate for data analysis, simulated 

data based on population values were developed. Power in the detection of effects as well 

as potential bias in the estimation of group differences were examined. 

Selection of Manipulated Variables and Data Considerations 

Normality. The dispersion of data in a population is an indication of the degree to 

which the population might be considered to be normally distributed. Non-normality may 

exist in a population for a number of reasons, including units in the population that 

deviate from further from the mean more drastically then other units (i.e., skew). Skew is 

typically present in most data, yet few researchers test for the degree to which skew may 

impact their data structure. Ignoring this type asymmetry in one’s sample data can lead to 

biased estimates of the mean. All parametric statistical analyses assume that data are 

normally distributed, and while certain analytical techniques are more robust to violations 

of normality (e.g., student t-test, ANOVA F-test), others are not (e.g., Z-variance test). 

Olson (1973) previously found that non-normality affects power, and that the severity of 
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the effect increases as non-normality increases. Pertaining to analyses of change, it has 

been shown that under certain circumstances the covariance adjusted score is more 

powerful than the gain score in detecting effects; however, this assumes that the data are 

normally distributed.  

When this assumption is relaxed, and data are either positively or negatively 

skewed, it is not known which statistical technique might be more powerful. 

Furthermore, when outliers are present in a negatively or positively skewed distribution, 

the covariance adjusted score may bias the regression parameter and inflate the error 

estimate, potentially resulting in a biased estimate of a treatment effect. 

Manipulating skew has been demonstrated to be a difficult task in simulation 

studies, however, non-normality tends to be an important consideration in many Monte 

Carlo designs. Although a variety of algorithms have been proposed to simulate skewed 

distributions (Fleishman, 1978; Pearson & Hartley, 1972; Ramberg & Schmeiser, 1974), 

the Fleishman power transformation method has remained a widely utilized approach due 

to its flexibility in generating sample data from both univariate and multivariate non-

normal distributions (Fan, Felsovalyi, Sivo, & Keenan, 2002). This method uses a 

polynomial transformation to shift normal distributions into non-normal, and is estimated 

with: 

32
dZcZbZaY +++=   (16) 

where Y is a transformed non-normal variable with a specified magnitude of skew and 

kurtosis, Z is a normally distributed variable with a population mean of zero and variance 

of one, and a through d are coefficients used to transform Z. . These coefficients each 

take on a specific value according to a lookup table provided by Fleishman (1978). This 

table provides estimates based on a user’s desire to have certain skew and kurtosis in the 

distributions. The a coefficient is not presented in these tables since Fleishman (1978) 

showed that a = -c. Although Fleishman’s (1978) table is useful for obtaining particular 

coefficient values given a specified skew or kurtosis, it was not designed to be a 

comprehensive resource. Vale & Maurelli (1983) developed a simulation that allowed 

one to be able to retrieve coefficient values for all possible combinations of skew and 

kurtosis (Appendix C), and was used in the present design to obtain coefficients estimates 

for the selected skew values. In the present design, normality was manipulated by 
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adjusting a multivariate normal dataset to have skew properties of ±.5 and 1 in order to 

look at distributions where mild and large violations of normality may be observed. 

Sample size. The relationship between sample size and power has been well 

documented (e.g., Cohen, 1988), and as one increases their sample size, power typically 

increases. While increased power or reduced bias differences are not expected as a 

function of the main effect of sample size variability, simulations have examined how 

sample size interacts with other manipulated functions to examine trade-offs of different 

types of analyses (Zimmerman, 1987, 2003). Zimmerman (2003) evaluated power to test 

effects with the student t-test and Mann-Whitney U test when sample size and skew were 

adjusted, with results indicating that when both the distribution was positively skewed the 

Mann-Whitney test was more powerful. However, when the sample size was large and 

the data was not skewed, the student’s t-test was more powerful. More generally, 

Zimmerman (1987) looked at when only sample size varied; the student’s t and Mann-

Whitney were differentially more powerful.  

In the context of the current study, it was expected that as both normality and 

sample size vary, the covariance adjusted or simple difference scores could be 

differentially more powerful or less biased. To this end, group sample sizes of 20, 30, 50, 

200, and 500 were chosen as to reflect conditions where a study would have a small, 

medium, or large sample. 

Pretest-posttest correlation. The relationship between initial and final status is an 

important factor to use in the context of the proposed simulation study, as it is inversely 

correlated with individual differences in change. Large individual differences are marked 

by a low pretest-posttest correlation, while small inter-individual differences in change 

are evidenced by increasingly large stability coefficients. Pretest-posttest correlations are 

also directly related to the functional form of change, and as the correlation increases, 

either fan-spread growth or no growth forms may be observed. Based on the prior review 

of literature, it will be expected that when the pretest-posttest correlation is large, the 

covariance adjusted score will be a more powerful analysis of treatment effects than the 

gain score when a normal distribution is observed and variances between the pretest and 

posttest are equal. Conversely, when the correlation is small and the correlation between 

initial status and change is positive, the simple difference score may be expected to be 
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more powerful. The correlation between pretest and posttest was controlled using small 

(0.20), moderate (0.40, 0.60), and large (0.80) values to reflect the degree of inter-

individual differences. 

Average treatment effect. The addition of treatment effect is to study the degree to 

which the two statistical techniques might produce biased results of the average treatment 

effect when other factors are manipulated. Small, medium, and large effect sizes are 

identified by Cohen (1988) as values of 0.2, 0.5, and 0.8, and along with a no effect 

condition, these values will be added to the treatment group posttest scores to produce the 

effect.    

Correlation between initial status and change. The functional form of change 

over time is a key part of the simulation in order to better understand the utility of the 

simple difference and covariance adjusted scores. Though research has primarily focused 

on the negative or zero correlation between initial status and change, the stringent 

assumption of equal variances at the pretest and posttest precluded an understanding of 

the power of the two analytic strategies. Identical to the high pretest-posttest correlation 

expectation, based on findings from Stoolmiller and Bank (1995), it is expected that 

when the correlation between initial status and change is positive, the simple difference 

score will be more powerful than covariance adjusted score. Conversely, when the 

correlation between initial status and change is zero or negative, the covariance adjusted 

score will be more powerful to detect effects.  

Rogosa (1995) previously showed that the functional form of change over time 

can be defined by changing variances from the pretest to the posttest. Fan-spread growth 

is defined by increasing variance, mastery learning is defined by decreasing variance, and 

parallel growth by equal variances. In the context of the present study, specifying an 

appropriate posttest variance needed to agree with XX Δ1
ρ  and 

21XXρ  required using the 

following quadratic formula, which makes use of XX Δ1
ρ  and 

21XXρ  to generate a posttest 

variance: 
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Most of the discussion around the limitation of the gain score has concerned with XX Δ1
ρ , 

therefore, it was important to test the performance of the two statistical techniques under 

the mastery learning condition ( XX Δ1
ρ  = -0.30),  parallel growth condition ( XX Δ1

ρ  = 0.00), 

and the fan-spread growth condition ( XX Δ1
ρ  = 0.30).  Since )( 1 XX Δρ , )( 21XXρ  may be 

known based on the levels of manipulation, and 1σ was assigned a fixed value of 1.0, 

substituting values  for the manipulated variables resulted in a polynomial equation that 

was solved for most )( 1 XX Δρ - )( 21XXρ  combinations.   

The primary research questions addressed in the study were: 

1. What is the relationship between the type of statistical analysis used and 

power when the following are manipulated? 

a. Normality: skew of  -1, -.5, 0, .5, 1. 

b. Group sample size: 20, 30, 100, 200, 500. 

c. Pretest-Posttest correlation: 0.20, 0.40, 0.60, 0.80. 

d. Correlation between initial status and change: -0.30, 0.00, 0.30. 

e. Added treatment effect: 0.00, 0.20, 0.50, 0.80 

2. What is the relationship between the type of statistical analysis used and bias 

in detecting effects when the following are manipulated? 

a. Normality: skew of  -1, -.5, 0, .5, 1. 

b. Group sample size: 20, 30, 100, 200, 500. 

c. Pretest-Posttest correlation: 0.20, 0.40, 0.60, 0.80. 

d. Correlation between initial status and change: -0.30, 0.00, 0.30. 

e. Added treatment effect: 0.00, 0.20, 0.50, 0.80. 

Data Generation Procedures 

Replicates for the simulation were created using the interactive matrix language 

procedure (PROC IML) in SAS (version 9.1.3 for Windows). Using PROC IML, the 

code in Appendix B was used to generate and analyze the data for the simulation study. 

The code was developed to allow for user-specification of the sample size, pretest-

posttest correlation, the standard deviation for the treatment and control groups, skew, 

and the added treatment effect.  While most of the values in the macro statement were 

manipulated, the standard deviation for the pretest was fixed to a value of 1.0. This 
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allowed for more direct manipulation of the treatment group variance at the posttest, and 

assisted in controlling the functional form of the relationship between initial status and 

change.  

Reliability of the gain score or covariance adjusted score was not proposed to be 

directly manipulated in the study; however, without any manipulation and introduction of 

measurement error, a simulation will generate conditions where the reliability of scores is 

equal to 1.0. Since this would not reflect typical occurrences in researcher’s data, it was 

important to set the reliability of the pretest and posttest at a reasonable level. Reliability 

of 0.80 is considered to be an acceptable level for research decisions (Nunnally & 

Bernstein, 1993), thus the data was manipulated to achieve this threshold. 

A particular nuance of Eq. 17 is worth mentioning. The relationship among 2σ , 

)( 1 XX Δρ , and )( 21XXρ is such that )( 21XXρ  must be greater than )( 1 XX Δρ in order for 2σ  to be a 

positive, meaningful value. As such, though the levels of the simulation factors 

constituted a 5 x 5 x 4 x 3 x 4 factorial design, resulting in 1,200 unique conditions, this 

relationship between )( 21XXρ and )( 1 XX Δρ limited certain conditions from occurring (e.g., 

)( 1 XX Δρ = 0.30 and )( 21XXρ = 0.20). To this end, when mastery learning occurred, 

conditions for skew, sample size, and average treatment effect were observed over all 

levels of )( 21XXρ . When parallel growth was observed, conditions were estimated for 

)( 21XXρ  = 0.40, 0.60, and 0.80. Lastly, for fan-spread growth, conditions were estimated 

for )( 21XXρ  = 0.60 and 0.80. Therefore, a mostly crossed simulation design totaling 905 

unique conditions was run, with each one generating 1,000 samples. A total of 905,000 

individual samples were generated from the simulation. 

Data Analysis 

Estimation of effect and statistical tests. The covariance adjusted score was 

estimated using the general linear model procedure (PROC GLM) in SAS, structured as 

an analysis of covariance where the posttest score was regressed on the pretest score and 

the treatment group dummy variable (treatment = 1, control = 0). The least square means 

on the pretest and posttest for the groups were generated from this model, as were 

standard errors and probability values.  
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The gain score was estimated by using the MIXED procedure in SAS. While PROC 

GLM initially appeared to be the most appropriate choice for the gain score analysis, it 

was limited by the inability to produce least squares mean estimates for the interaction 

between group and time. The traditional way to specify a gain score in the repeated 

measures ANOVA format is to regress the dependent variable on the main effects of 

group and time, as well as the interaction between the two. It is the mean from the 

interaction that represents the difference in gain scores between groups; however, this 

mean cannot be attained from PROC GLM. The repeated measures ANOVA model in 

PROC GLM requires the user to specify a repeated term in the model, in this case, time. 

Since the repeated variable is not an actual model covariate, SAS cannot produce the 

least square mean, and will only provide the summary of the statistical test. It was 

important to be able to retain the least squares value for the interaction, which PROC 

MIXED allows. By default, the MIXED procedure uses a maximum likelihood 

estimation, however, for this simulation, which has no missing data, the Mixed procedure 

employed produces results identical to those using ordinary least squares (GLM).  

Descriptive statistics. Under each simulated condition, it was important to check 

that the results from the simulation approximated the population values that were 

manipulated for each factor. Therefore, descriptive statistics that reported the 

average )( 21XXρ , )( 1 XX Δρ , pretest skew, and posttest skew were summarized. Incongruence 

between the data results and population values would indicate that the data was generated 

incorrectly or that misspecification occurred in the programming of the simulation.  

Procedural differences in power and bias. The determination of under which 

conditions each statistical technique had greater power to detect effects was made by 

using the probability values from the F-test in the ANCOVA and repeated measures 

ANOVA. These values were dichotomized such that estimates < 0.05 were recoded as 

“1”, and estimates ≥ 0.05 were coded as “0”. The proportion of occurrences for the 

estimation of a significant effect for the interactions among the manipulated factors by 

both approaches was then observed and compared. Similarly, potential bias in the 

estimation of the average treatment effected was calculated for each method. For the gain 

score, this was done by subtracting the change score from the control group from the 

change score of the treatment group; while the treatment effect for the covariance 
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adjusted score was calculated by taking the difference of the posttest least square means 

from the ANCOVA model between the treatment and control groups. A comparison of 

the average treatment effect from the replications with the population specified values 

would allow for the detection of bias. If the mean values for the replicates were greater 

than or less than the population value, bias existed in the statistical technique for the 

condition observed. 
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RESULTS 

 

Description of Results Presentation 

As before, the Monte Carlo design with five parameters (sample size, )( 21XXρ , 

)( 1 XX Δρ , average treatment effect, and normality) and 1,000 replications for each of the 

905 conditions yielded  905,000 unique samples. Given the number of levels for each 

parameter, results from the simulation are presented first for sets of conditions pertaining 

to observations of when mastery learning occurred (i.e., negative correlation between 

initial status and change). This will be followed by results when parallel growth was 

observed (i.e., )( 1 XX Δρ  = 0) and when fan-spread growth was observed (i.e., )( 1 XX Δρ  = 

0.30) for the simulation manipulation check, power comparison and bias comparison 

results. Data results from the simulation are reported for the comparisons when averaged 

across levels of )( 1 XX Δρ as well as for when normality and )( 21XXρ estimates were 

disaggregated by )( 1 XX Δρ . 

Simulation Manipulation Check 

Results of the comparison between the simulation results and the specified 

population values for the main effect of the five manipulated factors are reported in Table 

3. This table demonstrates that given a population value for one of the conditions, the 

mean replication estimate from the simulation was either identical or closely 

approximated that specification. The largest deviation from a population value were the 

pretest and posttest skews of ±1.0, which were .04 units away from specified values, but 

were not considered to be a great enough deviation to have significantly altered the 

results from the simulation. A summary of the manipulation check results across the 

levels of the factors is reported in Appendix D. 

Type I Error Rates 

 The probability of rejecting the null hypothesis when it is actually true (i.e., Type 

I error), was an important attribute to consider when describing results from the 

simulation. These values were estimated under the conditions were the average treatment 

effect was zero. Mean replication values for both statistical techniques under this 

condition should be 0.05 since no treatment effect should exist in the sample estimates 
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where the population specification was 0. Results for the gain and covariance adjusted 

scores showed that the mean Type I error rate for the simulation was 0.05.  Additionally, 

the Type I error rate was not different from .05 across any of the factors being 

manipulated, thus it was concluded that both techniques have Type I error rates that are 

acceptable across all the conditions. A summary of the Type I errors across the different 

factors are reported in Appendix E. 

Procedural Differences in Estimation of Power 

 Tables 4-9 present the mean power rates, the raw difference between the mean of 

the power estimates, and the relative ratio between the two analyses across the three types 

of growth patterns, the five levels of skew, and the four levels of )( 21XXρ . These are 

reported for both the overall sample (Table 4) and by each sample size (Tables 5-9). The 

difference estimates in the table reflect the difference between the raw mean power rates 

for gain score minus the covariance adjusted score. Additionally, a relative power ratio 

was calculated with: 

      100*
PowerScoreGain 

Power Score Adjusted Covariance
,     (18) 

such that the ratio communicates the percentage of power the covariance adjusted score 

had relative to the gain score (Vickers, 2005). 

Across the full sample of the simulation (Table 4), the results suggested that 

across the levels of the main effects, the covariance adjusted score was more powerful 

than the gain score. Over the levels of )( 1 XX Δρ , the covariance adjusted score had a 

significant advantage in power when mastery learning was observed (0.69) compared to 

the gain score (0.60) averaged over all other conditions. In the parallel growth condition, 

the covariance adjusted score (0.61), held a slight advantage over the gain score (0.59), 

while both analyses produced equal levels of power under the fan-spread growth 

condition (0.48). Across all skew conditions, the covariance adjusted score was more 

powerful by an average of 0.055, with relatively similar differences between the two 

procedures when data were either positively or negatively skewed. Conversely, while the 

covariance adjusted score was more powerful than gain by 0.08 when )( 21XXρ  = 0.20, as 

the correlation increased, the differences decreased to 0.01 when )( 21XXρ  = 0.80.  
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As might be expected, these patterns in the mean power between the two analyses 

in mastery learning conditions across the full sample were more strongly differentiated in 

small compared to large samples. While the relative power differences in the mastery 

learning conditions was 0.18 and 0.15 when N = 40 or 60 (respectively), this difference 

shrunk to 0.11 and 0.06 when N = 200 or 400, respectively. In the context of parallel 

growth or fan-spread growth, regardless of the sample size, the mean power differences 

varied very little.  

In addition to inspecting differences in power for the main effects of the factors, it 

was important to also examine how the gain and covariance adjusted scores operated 

when looking at how the levels of skew and )( 21XXρ  each performed over the levels of 

)( 1 XX Δρ  for the full sample (Table 10 & 16) as well as across the sample sizes (Tables 11-

15 & 17-21). When considering the relationship between skew and  )( 1 XX Δρ , the results in 

the mastery learning condition suggested regardless of the magnitude or direction of skew 

the mean differences between the analyses were the same (i.e., 0.10; Table 10). Similarly, 

very little variability was observed in mean differences across skew conditions for 

parallel growth, with differences ranging from 0.02 to 0.03; as well as fan-spread growth 

where the differences were 0.00 across all levels of positive and negative skew. As 

observed in the main effect analyses, under the mastery learning conditions, the 

differences in power when considering skew and )( 1 XX Δρ were much larger in the sample 

sizes of 40 (0.18; Table 11) and 60 (0.14; Table 12) compared with sample sizes of 200 

(0.11; Table 13) , 400 (0.06; Table 14) or 1,000 (0.01; Table 15). 

The relationship between )( 1 XX Δρ and )( 21XXρ showed similar results as when the 

main effect of only )( 21XXρ  was examined; that is, the largest differences in mean power 

between the two analyses were maximized at the lowest level of )( 21XXρ  (Table 16). The 

average difference in the mastery learning condition for the full sample was 0.10, 

compared with 0.026 for the parallel growth condition, and 0.005 for the fan-spread 

growth condition. This trend continued when disaggregated by the different sample sizes, 

with the largest observed difference (i.e., 0.21) occurring in the mastery learning 

condition when N = 40 and )( 21XXρ   = 0.20. A summary of the raw data power 
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comparisons and relative ratios across the factors are reported in Appendix F, while the 

differences in power between statistical techniques across factors are reported in 

Appendix G. 

Bias in Estimation of Average Treatment Effects 

Examination of the potential bias in the estimation of average treatment effects 

was conducted by looking at the mean replication values of the treatment effect over all 

conditions, and comparing to the population value. These values then were reported in 

Table 3 but are displayed in Table 22 as a separate set of estimates. It was observed that 

results from the simulation were equal to the population value, and that neither method 

produced a biased estimation of the average treatment effect. A summary of the bias 

results across the factors is reported in Appendix H. 
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DISCUSSION 

 

One of the most important decisions a researcher needs to consider when 

conducting a two-wave randomized experiment is the type of statistical technique to use. 

To date, many methodologists and experimenters have been convinced by a relatively 

few number of published articles that the gain score should be discarded, and should opt 

to use the covariance adjusted score in an ANCOVA model to analyze their data. As 

reviewed in this study, three perceived absolutes had been put forth in the research 

community to persuade researchers to avoid the gain score. These included that the gain 

score is always unreliable, that a negative correlation between initial status and change 

always occurs, and that it is always invalid. More recent research by Rogosa (1982, 1983, 

1995) has shown that all three of these conditions are not ubiquitous, but rather occur in 

isolated situations. Despite their findings, researchers have continually advocated for the 

utility of the covariance adjusted score, with such arguments rooted in measurement 

theory, without proper regard for its own isolated problems in what it is estimating.  

Given these discussions, it is interesting to note that regardless of the theoretical 

debates that have occurred in the literature, recent publications of pretest-posttest designs 

show that researchers are almost equally like to use the gain score as they are the 

covariance adjusted score. Little consideration was given in these studies as to why a 

particular statistical technique was chosen in these studies, thus indicating that a bridge 

may not yet exist between the theory of analyzing data in pretest-posttest designs and its 

application in research. Outside of the research by Rogosa and his colleagues pertaining 

largely to the reliability of the gain score, few diverse arguments have been made 

concerning the application of the gain score. 

The key issue with both analyses is gaining a better understanding of the 

conditions under which each may maximize a particular parameter for the researcher. 

Most studies have focused on conditions where each should be used when the reliability 

of the score produced by the analysis is the most important. Based on calls from Zumbo 

(1999) and Rogosa (1995) to increase the number of simulation studies, this study 

examined the circumstances under which the simple difference and covariance adjusted 

scores may be powerful in randomized experiments when a pretest-posttest design is 
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used. Further, the results described the degree to which each may over- or underestimate 

an average treatment effect. Results sought to extend findings from Stoolmiller and Bank 

(1995) who indicated the gain score may be more powerful when fan-spread growth is 

observed, while the covariance adjusted score may be more powerful when mastery 

learning occurs. Prior work by Maxwell and Delaney (2004) and Huck and McLean 

(1975) have suggested that when variances are equal the covariance adjusted score will 

be more powerful based on less error (Eq. 15). What has not yet been fully developed is 

what power differences may exist when variances are unequal and data are non-normally 

distributed. Thus, this study was conducted to provide further data and information about 

the choice of data analysis when such conditions exist. Additionally, the work of Maris 

(1998) was expanded who indicated that both statistical techniques are not biased when 

random assignment occurs. 

Differences in Power 

Findings from the simulation indicated that of all the factors manipulated: sample 

size, pretest-posttest correlation, the correlation between initial status and change, 

average treatment effect, and normality, the relative power differences between the 

analyses was differentiated by the level of the correlation between initial status and 

change. It was expected that when mastery learning was observed (i.e., decreasing 

variance from pretest to posttest) the covariance adjusted score would be more powerful 

than the gain score (Rogosa et al., 1992; Stoolmiller & Bank, 1995). Results from the 

simulation strongly supported this hypothesis with average differences of 0.10 observed 

across levels of the other factors. Moreover, the covariance adjusted score had nearly 

17% more power than the gain score. Conversely, in the fan-spread growth condition, 

where the gain score was expected to be more powerful, results suggested that both 

analyses were equally powerful. Though the gain score did not prove to be more 

powerful where it was expected, a more interesting result was observed in the parallel 

growth condition. Mean observed power differences did exist between the two analyses, 

however the magnitude of the difference (i.e., 0.02) was quite small. The result itself 

supports what others have suggested when variances are equal at two time points 

(Maxwell & Delaney, 2004; Huck & McLean, 1975), but the magnitude of the finding 
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could be construed as practically unimportant. With only a 3% advantage for the 

covariance adjusted score, one is left wondering the value of such a difference.  

As distributions became increasingly non-normal, regardless of direction, the 

covariance adjusted score had greater power of over the gain score. In these non-normal 

conditions, the relative difference between the two statistical techniques was 0.05. This 

magnitude is similar to the difference that was observed when data were normally 

distributed. Thus, whether data are skewed or not typically does not impact the level of 

difference in power between the covariance adjusted and gain scores. 

In the context of the correlation between the pretest and posttest, the general 

finding was that a greater discrepancy in power was observed the weaker the correlation 

was. Such a result is not surprising in the context of this simulation for a few reasons. 

Given the structure of the simulation itself, a pretest-posttest correlation needed to be 

larger than the correlation between initial status and change. For both the parallel growth 

and fan-spread growth conditions, it was not feasible based on Eq.17 to have a pretest-

posttest correlation of 0.20. Related to this point is that a low pretest-posttest correlation 

implies that the relative rank order of participants between the two time-points shifts 

from one time to the other. In a fan-spread growth condition, which is defined by a 

positive correlation between initial status and change, it would be difficult for a pretest-

posttest correlation of 0.20 to exist. Though this is feasible, it would suggest that only 

weak fan-spread growth occurred since the correlation between initial status and change 

must be smaller than the pretest-posttest correlation. Thus, power differences for 0.20 

pertain specifically to the mastery learning condition. Just as the correlation of 0.20 was 

specific to the mastery learning condition, the correlation of 0.40 was specific to mastery 

learning and parallel growth. Correlations of 0.60 and 0.80 were relative to all three 

variance conditions, and as observed from the results, the differences in power between 

the covariance adjusted and gain scores are small when averaged over all three variance 

conditions. 

This observation is seemingly in contrast with the previous expectation that in the 

presence of a small pretest-posttest correlation the gain score would be more powerful, 

and with larger correlations the covariance adjusted score would be more powerful. 

Rather than examining the mean power differences averaged over the three variance 
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conditions, when viewed across the levels of the factor (Table 16) the findings still do 

show that the covariance adjusted score is more powerful. What is different when these 

conditions interact is that the relative difference in power from the smallest to largest 

pretest-posttest correlation is much smaller than when averaged. While the range of 

difference averaged over all )( 1 XX Δρ conditions was 0.06, the range for mastery learning 

was 0.05, 0.03 for parallel growth, and 0.01 for fan-spread growth. Disaggregating the 

results show that the covariance adjusted score was, in fact, more powerful when the 

correlation was at least moderate across the three conditions for the correlation between 

initial status and change.  

Though the findings in the mastery learning and fan-spread growth conditions 

shed light on the research that has suggested differential power might exist between 

ANCOVA and repeated measures ANOVA models, the lack of a strong difference when 

variances were equal and the correlation between initial status and change was zero was 

of interest. The current simulation study was a special condition of equal variances in that 

the correlation between initial status and change was also zero. While the findings 

relative to power differences provide support for the difference that Equation 15 suggests 

(i.e., ANCOVA for greater power exists for equal variances), the magnitude of the 

difference was of questionable. This might be partly explained by the special condition of 

homogeneous growth that was considered in this study. Discussions by Huck and 

McLean (1975) and Maxwell and Delaney (2004) speak to power differences for equal  

In the condition where parallel growth was observed, both analyses were nearly 

equally powerful at detecting average treatment effects, both when the main effect of 

skew was considered, as well as when deviations from normality were observed As the 

variances increased from pretest to posttest and fan-spread growth occurred, the gain 

score was also approximately equal in power to the covariance adjusted score, with a 

mean difference of 0.00. In the context of non-normality and fan-spread growth the 

differences by sample size were actually closer then when skew was set to 0 (Table 11-

15) suggesting that increasing deviations from normality results in smaller discrepancies 

in mean power between procedures.  

These findings are of practical value to researchers since they show that 

regression based measures of change practically differ from difference scores, but that the 
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magnitude of the difference is largely related to the relationship between initial status and 

change.  

Moreover, with the difference in power in the parallel growth condition between 

simulations staying relatively stable in magnitude, it is worth attempting to understand 

how this finding fits with previous research from both Huck and McLean (1975) and 

Maxwell (2004) who have shown that covariance adjusted scores should be preferred in 

equal variance conditions. With both advocating for greater power but neither suggesting 

what the relative magnitude of the difference should be, it is again difficult to evaluate 

the implications of the findings. In the context of Eq. 15 that shows less error in the 

covariance adjusted score compared to gain, it is likely that this may be the case when 

equal variance but heterogeneous change occurs between two time points. As the current 

simulation only studied equal variance and homogeneous change, it might be expected 

that when this condition holds, that the covariance adjusted score may hold a slight 

advantage in power, but that the gain score has roughly equal levels of power. 

 Bias in Estimation of Average Treatment Effect 

These findings further extend the work of Maris (1998). When random 

assignment occurs in the experiment, neither analysis produces a biased estimate of the 

average treatment effect. Maris rightly countered these discussions, indicating that when 

assignment is not affected by the pretest, measurement error cannot be the reason for bias 

in the gain score. Since the average treatment effect does not depend on measurement 

error unless assignment is affected by the pretest, and the pretest did not serve as an 

assignment mechanism, thus it was not possible for the pretest to affect the assignment 

and produce a biased estimate. 

Guidelines for Researchers 

In the context of the simulation study, when students are randomly assigned to 

conditions and the reliability of the pretest and posttest are approximately 0.80, either the 

gain score or covariance adjusted score may be safely used without fear that the average 

treatment effect from either statistical analysis is producing a biased result. Secondly, as a 

general rule of thumb, researchers should likely utilize the covariance adjusted score 

when maximizing power is of interest. The ANCOVA is most powerful when master 

learning occurs, especially under conditions with small sample sizes. Regardless of the 
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level of the pretest-posttest correlation or the amount of skew present in the data, the 

covariance adjusted score consistent produces greater power than the gain score. The 

small differences in power between the two analyses that occurred in the parallel growth 

and fan spread growth conditions may not be considered practically important, however, 

the lack of instances where the gain score demonstrated greater power precludes a 

recommendation of using the gain score even when the difference is negligible. Though 

the relative power differences between the two analyses decreases in the parallel growth 

and fan-spread growth conditions, it is still powerful enough that one does not necessarily 

need to consider λ (the ratio of pretest variance to posttest variance) when making a 

decision about the choice of analyses in the context of a two-wave randomized 

experiment. 

Despite the equal power the gain score showed with the covariance score in the 

fan-spread growth condition and nearly equal power in the parallel growth condition, it 

should be of interest to reevaluate the recent trends in publication of pretest-posttest 

experimental designs. Based on the recent set of publications, many researchers do not 

report reasons for choosing an ANCOVA or repeated measures ANOVA analysis. 

Without such a rationale, it is difficult to understand for what reasons each may have 

been utilized for the randomized experiments. Further, none of the reviewed publications 

mentioned the relationship between initial status and change, so it may be apparent that 

this was not a consideration when choosing the method of data analysis. While some may 

certainly use the information from measurement literature to guide the selection of an 

appropriate analysis, others may choose their method based on recent or often-published 

practices. To this end, by using the covariance adjusted score across a variety of data 

structures, very little, if any, power would be lost with a straightforward application. 

Though correlations between initial status and change not studied here could potentially 

produce an advantage of the gain score in power, a general applied framework based on 

the results from the simulations in these studies would advocate that the covariance 

adjusted score in the ANCOVA model is the best analysis to apply.  

For all of the criticism on the utility of the gain score over the past 30 years, while 

more recent research indicates that the gain score analysis is not susceptible to perceived 

psychometric weaknesses, the current findings do not suggest that it should be preferred 
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over the covariance adjusted score when power is of interest. While nearly half of 

recently published reports used a repeated measures ANOVA to answer questions of 

effectiveness in randomized pretest-posttest designs, they may have been able to get 

greater power to detect smaller effects by using the covariance adjusted score from an 

ANCOVA design. Using data from this simulation, it is hoped that more researchers can 

use this information to better inform decisions about the choice of analysis in order to get 

the most out of their data and reporting. 

Limitations and Future Directions 

The hypotheses tested in this study required the use of simulated data which 

manipulated several factors thought to be related to analytic differences. As levels of the 

manipulated were chosen to reflect general rules of thumb occurring in research (e.g., 

small, medium, large effect sizes and sample sizes), conclusions drawn from the 

interactions are limited to those levels of magnitude. Further analysis of more specific 

interactions may be necessary to understand the performance of analyses across 

conditions. Another limitation of the study lies in the nature of Monte Carlo simulations. 

Since simulations require the manipulation of population factors, the data analyzed are 

specific to populations rather than samples. Fan & Wang (1999) proposed using pseudo-

samples such that the data were created twenty times larger than the desired sample, and 

random sampling was used to achieve the desired number of cases. This approach is 

limited since it does not sample from an infinite population, but rather is restricted to 

levels of factors that are manipulated. 

 Understanding the degree to which power in the gain and covariance adjusted 

scores increases as a function of reliability of the pretest and posttest could provide 

further important information about the appropriateness of each analysis under given 

circumstances. Examining the level of reliability at which point both procedures produce 

identical power estimates under the assumption of equal variances and normally 

distributed data could be useful; as well as extending the relationship of reliability and 

power to conditions of increasing and decreasing variances from pretest to posttest. 

Related to this, is that those who are primarily concerned with the reliability of the 

change index itself may look at how power between the two methods interacts with 

reliability when distributions are non-normal. Zumbo (1999) noted that advances to the 
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estimation of individual change in the context of reliability are being made through the 

use of item response theory and structural equation models. Looking at the relationship 

between power and some new estimations of reliability for the indices of change would 

provide valuable information in the future to researchers that are interested in the 

properties of power and reliability. 
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Table 1 
Reliability of the Difference Score 

 
)( Xρ  

)( 21XXρ  .70 .80 .90 

.50 .40 .60 .80 

.60 .25 .50 .75 

.70 .00 .33 .67 

.80 - .00 .50 

.90 - - .00 

Note. )( Xρ  = reliability of scores; )( 21XXρ = correlation between pretest-posttest 
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Table 2 
Reliability of the Difference Score Using True Score Correlations 

 
)( Xρ  

)( 21TTρ  .70 .80 .90 

.50 .54 .67 .82 

.60 .48 .62 .78 

.70 .41 .55 .73 

.80 .32 .44 .64 

.90 .19 .29 .47 

Note. )( Xρ  = reliability of scores; )( 21TTρ  = true score correlation between pretest-posttest. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



   

46 
 

Table 3 

Main Effect Manipulation Check 

Factor 
Population 

Value 
Mean 

Replication 

)( 1 XX Δρ  -0.30 -0.30 

 0.00 0.02 

 0.30 0.29 

)( 21XXρ  0.20 0.19 

 0.40 0.38 

 0.60 0.59 

 0.80 0.78 

Average Treatment Effect 0.00 0.00 

 0.20 0.20 

 0.50 0.50 

 0.80 0.80 

Pre-test Skew -1.00 0.96 

 -0.50 -0.49 

 0.00 0.00 

 0.50 0.49 

 1.00 0.96 

Post-test Skew -1.00 0.96 

 -0.50 -0.49 

 0.00 0.00 

 0.50 0.49 

  1.00 0.96 

Note. )( 1 XX Δρ = Correlation between initial status and change; )( 21XXρ  = Correlation 

between pretest and posttest 
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Table 4    

Power Comparisons for Main Effect of Factors – Full Sample  

Factor Population  Value Gain Mean CAS Mean Difference Ratio 

)( 1 XX Δρ  -0.30 0.60 0.70 0.10 116.65 

 0.00 0.59 0.61 0.02 103.03 

 0.30 0.48 0.48 0.00 100.00 

Skew -1.00 0.56 0.61 0.05 109.61 

 -0.50 0.57 0.63 0.06 109.36 

 0.00 0.57 0.62 0.05 109.84 

 0.50 0.57 0.63 0.06 109.31 

 1.00 0.56 0.61 0.05 109.78 

)( 21XXρ  0.20 0.53 0.61 0.08 115.32 

 0.40 0.54 0.59   0.05  109.19 

 0.60 0.57 0.59 0.02 103.51 

  0.80 0.58 0.59 0.01 101.70 

 Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change; )( 21XXρ  =    Correlation between pretest and posttest 
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Table 5    

Power Comparisons for Main Effect of Factors (N = 40)  

Factor Population  Value Gain Mean CAS Mean Difference Ratio 

)( 1 XX Δρ  -0.30 0.40 0.58 0.18 143.47 

 0.00 0.40 0.44 0.04 110.84 

 0.30 0.24 0.24 0.00 101.62 

Skew -1.00 0.35 0.45 0.10 127.16 

 -0.50 0.38 0.47 0.09 124.19 

 0.00 0.37 0.46 0.09 126.42 

 0.50 0.37 0.47 0.19 125.15 

 1.00 0.36 0.45 0.09 125.14 

)( 21XXρ  0.20 0.34 0.55 0.21 162.36 

 0.40 0.35 0.47 0.12 137.07 

 0.60 0.34 0.40 0.06 120.08 

  0.80 0.41 0.47 0.06 113.54 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change; )( 21XXρ  = Correlation between pretest and posttest 
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Table 6    

Power Comparisons for Main Effect of Factors (N = 60)  

Factor Population  Value Gain Mean CAS Mean Difference Ratio 

)( 1 XX Δρ  -0.30 0.48 0.62 0.14 130.63 

 0.00 0.46 0.50 0.04 108.78 

 0.30 0.32 0.32 0.00 100.86 

Skew -1.00 0.42 0.50 0.08 118.00 

 -0.50 0.44 0.52 0.08 118.53 

 0.00 0.44 0.52 0.08 117.86 

 0.50 0.45 0.53 0.08 116.50 

 1.00 0.43 0.51 0.08 119.63 

)( 21XXρ  0.20 0.43 0.60 0.17 140.96 

 0.40 0.43 0.54 0.11 126.03 

 0.60 0.41 0.46 0.05 113.97 

  0.80 0.48 0.53 0.05 110.14 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change; )( 21XXρ  =    Correlation between pretest and posttest 
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Table 7    

Power Comparisons for Main Effect of Factors (N = 200)  

Factor Population  Value Gain Mean CAS Mean Difference Ratio 

)( 1 XX Δρ  -0.30 0.63 0.74 0.11 117.07 

 0.00 0.63 0.65 0.02 104.12 

 0.30 0.52 0.53 0.01 101.04 

Skew -1.00 0.60 0.66 0.06 109.29 

 -0.50 0.61 0.67 0.06 109.39 

 0.00 0.61 0.67 0.06 110.43 

 0.50 0.61 0.67 0.06 109.14 

 1.00 0.60 0.66 0.06 109.46 

)( 21XXρ  0.20 0.60 0.73 0.13 120.60 

 0.40 0.60 0.68 0.08 112.71 

 0.60 0.59 0.63 0.04 107.56 

  0.80 0.63 0.67 0.04 105.86 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change; )( 21XXρ  =    Correlation between pretest and posttest 
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Table 8    

Power Comparisons for Main Effect of Factors (N = 400)  

Factor Population  Value Gain Mean CAS Mean Difference Ratio 

)( 1 XX Δρ  -0.30 0.70 0.76 0.06 108.51 

 0.00 0.70 0.72 0.02 103.58 

 0.30 0.61 0.61 0.00 100.54 

Skew -1.00 0.67 0.71 0.04 105.17 

 -0.50 0.69 0.72 0.03 104.82 

 0.00 0.68 0.72 0.04 105.16 

 0.50 0.68 0.72 0.04 105.40 

 1.00 0.67 0.71 0.04 105.68 

)( 21XXρ  0.20 0.67 0.76 0.09 113.97 

 0.40 0.67 0.73 0.06 108.72 

 0.60 0.67 0.69 0.03 103.83 

  0.80 0.70 0.71 0.01 101.60 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change; )( 21XXρ  =    Correlation between pretest and posttest 
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Table 9    

Power Comparisons for Main Effect of Factors (N = 1,000)  

Factor Population  Value Gain Mean CAS Mean Difference Ratio 

)( 1 XX Δρ  -0.30 0.76 0.76 0.00 100.73 

 0.00 0.75 0.76 0.01 100.81 

 0.30 0.70 0.70 0.00 100.40 

Skew -1.00 0.74 0.75 0.01 100.70 

 -0.50 0.75 0.75 0.00 100.57 

 0.00 0.75 0.75 0.00 100.71 

 0.50 0.75 0.75 0.00 100.80 

 1.00 0.74 0.74 0.00 100.67 

)( 21XXρ  0.20 0.75 0.76 0.01 101.78 

 0.40 0.75 0.76 0.01 101.32 

 0.60 0.73 0.74 0.01 100.36 

  0.80 0.75 0.75 0.00 100.22 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change; )( 21XXρ  =  Correlation between pretest and posttest 
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Table 10 
Mean Power of Skew by Shape of Growth for the Gain Score and Covariance Adjusted 
Score – Full Sample 

)( 1 XX Δρ  Skew Value Mean Gain Power Mean  CAS Power Difference  Ratio 

-0.30 -1.00 0.59 0.69 0.10 116.72 

 -0.50 0.60 0.70 0.10 116.36 

 0.00 0.60 0.70 0.10 116.76 

 0.50 0.60 0.70 0.10 116.78 

 1.00 0.59 0.69 0.10 116.65 

0.00 -1.00 0.57 0.60 0.03 105.00 

 -0.50 0.59 0.62 0.03 104.71 

 0.00 0.59 0.62 0.03 104.52 

 0.50 0.59 0.62 0.03 104.20 

 1.00 0.58 0.61 0.03 105.55 

0.30 -1.00 0.46 0.46 0.00 100.19 

  -0.50 0.50 0.50 0.00 100.73 

  0.00 0.47 0.48 0.01 102.24 

  0.50 0.50 0.50 0.00 100.59 

   1.00 0.45 0.45 0.00 100.01 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change 
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Table 11 
Mean Power of Skew by Shape of Growth for the Gain Score and Covariance Adjusted 
Score  (N = 40) 

)( 1 XX Δρ  Skew Value Mean Gain Power Mean  CAS Power Difference  Ratio 

-0.30 -1.00 0.39 0.57 0.18 146.25 

 -0.50 0.41 0.58 0.17 141.17 

 0.00 0.41 0.59 0.18 144.61 

 0.50 0.41 0.58 0.17 144.03 

 1.00 0.40 0.57 0.17 141.38 

0.00 -1.00 0.38 0.43 0.05 111.63 

 -0.50 0.40 0.44 0.04 110.54 

 0.00 0.40 0.44 0.04 110.70 

 0.50 0.41 0.44 0.03 109.37 

 1.00 0.39 0.43 0.04 112.05 

0.30 -1.00 0.22 0.22 0.00 100.00 

  -0.50 0.27 0.28 0.01 102.52 

  0.00 0.23 0.23 0.00 102.77 

  0.50 0.25 0.26 0.01 102.38 

   1.00 0.22 0.22 0.00 100.12 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change 
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Table 12 
Mean Power of Skew by Shape of Growth for the Gain Score and Covariance Adjusted 
Score  (N = 60) 

)( 1 XX Δρ  Skew Value Mean Gain Power Mean  CAS Power Difference  Ratio 

-0.30 -1.00 0.47 0.61 0.14 129.27 

 -0.50 0.48 0.63 0.15 131.85 

 0.00 0.49 0.63 0.15 129.75 

 0.50 0.48 0.63 0.15 130.71 

 1.00 0.47 0.62 0.15 131.60 

0.00 -1.00 0.44 0.48 0.04 110.53 

 -0.50 0.47 0.51 0.04 108.62 

 0.00 0.48 0.51 0.03 107.22 

 0.50 0.48 0.51 0.03 106.21 

 1.00 0.45 0.51 0.06 111.46 

0.30 -1.00 0.29 0.29 0.00 99.57 

  -0.50 0.33 0.34 0.01 100.98 

  0.00 0.31 0.32 0.01 104.84 

  0.50 0.35 0.35 0.00 98.94 

   1.00 0.29 0.29 0.00 100.17 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change 
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Table 13 
Mean Power of Skew by Shape of Growth for the Gain Score and Covariance Adjusted 
Score  (N = 200) 

)( 1 XX Δρ  Skew Value Mean Gain Power Mean  CAS Power Difference  Ratio 

-0.30 -1.00 0.63 0.74 0.11 117.12 

 -0.50 0.63 0.74 0.11 117.03 

 0.00 0.64 0.75 0.11 117.90 

 0.50 0.64 0.74 0.10 116.30 

 1.00 0.63 0.74 0.11 117.01 

0.00 -1.00 0.62 0.64 0.02 103.64 

 -0.50 0.63 0.65 0.02 104.33 

 0.00 0.63 0.66 0.03 104.06 

 0.50 0.63 0.66 0.03 104.41 

 1.00 0.62 0.65 0.03 104.16 

0.30 -1.00 0.52 0.52 0.00 100.29 

  -0.50 0.55 0.55 0.00 100.32 

  0.00 0.52 0.54 0.02 103.73 

  0.50 0.55 0.55 0.00 100.55 

   1.00 0.51 0.51 0.00 100.35 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change 
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Table 14 
Mean Power of Skew by Shape of Growth for the Gain Score and Covariance Adjusted 
Score  (N = 400) 

)( 1 XX Δρ  Skew Value Mean Gain Power Mean  CAS Power Difference  Ratio 

-0.30 -1.00 0.70 0.76 0.06 108.57 

 -0.50 0.71 0.76 0.05 107.88 

 0.00 0.71 0.76 0.05 108.06 

 0.50 0.70 0.76 0.06 108.83 

 1.00 0.70 0.76 0.06 109.23 

0.00 -1.00 0.70 0.72 0.02 103.22 

 -0.50 0.70 0.72 0.02 103.41 

 0.00 0.70 0.72 0.02 103.51 

 0.50 0.70 0.72 0.02 103.49 

 1.00 0.70 0.72 0.03 104.30 

0.30 -1.00 0.60 0.60 0.00 100.55 

  -0.50 0.62 0.62 0.00 100.24 

  0.00 0.60 0.61 0.01 101.25 

  0.50 0.62 0.63 0.01 100.92 

   1.00 0.59 0.59 0.00 99.70 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change 
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Table 15 
Mean Power of Skew by Shape of Growth for the Gain Score and Covariance Adjusted 
Score  (N = 1,000) 

)( 1 XX Δρ  Skew Value Mean Gain Power Mean  CAS Power Difference  Ratio 

-0.30 -1.00 0.76 0.76 0.00 100.78 

 -0.50 0.76 0.76 0.00 100.40 

 0.00 0.76 0.76 0.00 100.61 

 0.50 0.76 0.76 0.00 101.06 

 1.00 0.76 0.76 0.00 100.81 

0.00 -1.00 0.75 0.76 0.01 100.95 

 -0.50 0.76 0.76 0.00 100.73 

 0.00 0.75 0.76 0.01 100.84 

 0.50 0.76 0.76 0.00 100.62 

 1.00 0.75 0.76 0.01 100.93 

0.30 -1.00 0.69 0.69 0.00 100.14 

  -0.50 0.72 0.72 0.00 100.67 

  0.00 0.70 0.71 0.01 100.71 

  0.50 0.72 0.72 0.00 100.52 

   1.00 0.67 0.67 0.00 99.93 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change 
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Table 16 
Mean Power of )( 21XXρ  by Shape of Growth for the Gain Score and Covariance 

Adjusted Score – Full Sample 

)( 1 XX Δρ  )( 21XXρ  Mean Gain Power Mean CAS Power Difference  Ratio 

-0.30 0.20 0.56 0.68 0.12 122.16 

 0.40 0.58 0.69 0.11 118.21 

 0.60 0.60 0.70 0.10 115.12 

 0.80 0.64 0.71 0.07 111.89 

0.00 0.40 0.54 0.58 0.04 108.91 

 0.60 0.58 0.61 0.03 104.69 

 0.80 0.64 0.65 0.01 101.45 

0.30 0.60 0.45 0.45 0.00 99.98 

  0.80 0.50 0.51 0.01 101.46 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change; )( 21XXρ  =    Correlation between pretest and posttest 
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Table 17 
Mean Power of )( 21XXρ  by Shape of Growth for the Gain Score and Covariance 

Adjusted Score (N = 40) 

)( 1 XX Δρ  )( 21XXρ  Mean Gain Power Mean CAS Power Difference  Ratio 

-0.30 0.20 0.34 0.55 0.21 162.36 

 0.40 0.38 0.56 0.18 148.11 

 0.60 0.42 0.58 0.16 138.72 

 0.80 0.48 0.62 0.14 130.47 

0.00 0.40 0.32 0.39 0.07 123.64 

 0.60 0.39 0.43 0.04 110.96 

 0.80 0.49 0.50 0.01 102.61 

0.30 0.60 0.21 0.21 0.00 99.42 

  0.80 0.27 0.28 0.01 103.33 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change; )( 21XXρ  =    Correlation between pretest and posttest 
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Table 18 
Mean Power of )( 21XXρ  by Shape of Growth for the Gain Score and Covariance 

Adjusted Score (N = 60) 

)( 1 XX Δρ  )( 21XXρ  Mean Gain Power Mean CAS Power Difference  Ratio 

-0.30 0.20 0.43 0.60 0.17 140.96 

 0.40 0.46 0.61 0.15 133.22 

 0.60 0.49 0.62 0.13 127.37 

 0.80 0.54 0.66 0.12 123.24 

0.00 0.40 0.39 0.46 0.07 117.66 

 0.60 0.45 0.49 0.04 108.84 

 0.80 0.55 0.56 0.01 102.32 

0.30 0.60 0.28 0.28 0.00 99.22 

  0.80 0.35 0.36 0.01 102.18 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change; )( 21XXρ  =    Correlation between pretest and posttest 
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Table 19 
Mean Power of )( 21XXρ  by Shape of Growth for the Gain Score and Covariance 

Adjusted Score (N = 200) 

)( 1 XX Δρ  )( 21XXρ  Mean Gain Power Mean CAS Power Difference  Ratio 

-0.30 0.20 0.61 0.73 0.12 120.60 

 0.40 0.62 0.73 0.11 118.37 

 0.60 0.64 0.75 0.11 116.97 

 0.80 0.67 0.76 0.09 112.82 

0.00 0.40 0.58 0.62 0.04 106.69 

 0.60 0.62 0.64 0.02 103.76 

 0.80 0.68 0.69 0.01 102.25 

0.30 0.60 0.50 0.50 0.00 100.24 

  0.80 0.55 0.56 0.01 101.77 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change; )( 21XXρ  =    Correlation between pretest and posttest 
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Table 20 
Mean Power of )( 21XXρ  by Shape of Growth for the Gain Score and Covariance 

Adjusted Score (N = 400) 

)( 1 XX Δρ  )( 21XXρ  Mean Gain Power Mean CAS Power Difference  Ratio 

-0.30 0.20 0.67 0.76 0.09 113.97 

 0.40 0.69 0.76 0.07 110.71 

 0.60 0.71 0.76 0.05 106.94 

 0.80 0.74 0.76 0.02 103.04 

0.00 0.40 0.66 0.70 0.04 106.62 

 0.60 0.70 0.72 0.02 103.77 

 0.80 0.74 0.75 0.01 100.74 

0.30 0.60 0.59 0.59 0.00 100.14 

  0.80 0.62 0.63 0.01 100.92 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change; )( 21XXρ  =    Correlation between pretest and posttest 
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Table 21 
Mean Power of )( 21XXρ  by Shape of Growth for the Gain Score and Covariance 

Adjusted Score (N = 1,000) 

)( 1 XX Δρ  )( 21XXρ  Mean Gain Power Mean CAS Power Difference  Ratio 

-0.30 0.20 0.75 0.76 0.01 101.78 

 0.40 0.76 0.76 0.00 100.81 

 0.60 0.76 0.76 0.00 100.37 

 0.80 0.76 0.76 0.00 99.99 

0.00 0.40 0.75 0.76 0.01 101.84 

 0.60 0.76 0.76 0.00 100.56 

 0.80 0.76 0.76 0.00 100.07 

0.30 0.60 0.68 0.68 0.00 100.15 

  0.80 0.72 0.72 0.00 100.64 

Note. CAS = Covariance Adjusted Score; )( 1 XX Δρ = Correlation between initial status and 

change; )( 21XXρ  =    Correlation between pretest and posttest 
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Table 22 

Average Treatment Effect Estimate for Simulation Replications 

Population  Value Gain Score  
Covariance 

Adjusted Score 

0.00 0.0001 0.0000 

0.20 0.1996 0.1996 

0.50 0.4999 0.4998 

0.80 0.7997 0.7996 
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Figure 1. Hypothetical representation of initial and final weight for boys and 
girls. (Adapted from Lord, 1967. Copyright © 1967 by the American 
Psychological Association). 

 



   

67 
 

 

          Figure 2. Demonstration of OLS identification of outliers 
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APPENDIX A 

FLOW CHART OF DECISION RULES 
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APPENDIX B 

SIMULATION CODE 

%let path=X:\Yaacov\MASTER_RUN_JULY07; 
 
libname diss "&path"; 
filename macros "&path.\Smn.txt"; 
filename skew "&path.\skew.txt"; 
 
Options PS=55 LS=80 PageNo=1 NoDate 
        FORMCHAR='|----|+|---+=|-/\<>*'; 
Title1 "Simulated Multivariate Non-Normal Data"; 
data _null_; 
call symput('fileno', trim(left(put(today(),yymmddn6.)))); 
call symput('time', trim(left(round(time())))); 
run; 
proc printto log="&path.\logfile&fileno._&time..tmp";run;  
proc printto print="&path.\output&fileno._&time..txt";run; 
%macro blah(t,samp,corr,sd1,sd2,es,rho_change,skewness); 
 %do i=1 %to &t; 
%let sample_skew_col1=%sysevalf(&skewness);  
%let sample_skew_col2=%sysevalf(&skewness);  
%do %until (%sysevalf((&sample_skew_col1 ge &skewness-0.2 and 
&sample_skew_col1 le &skewness+0.2 and &sample_skew_col2 ge &skewness-0.2 and 
&sample_skew_col2 le &skewness+0.2))); 
Proc IML; 
 Reset noLog noPrint;  
 Seed=0; 
 n=&samp; 
 R={1.00   &corr,                        
    &corr   1.00};                       
 Ds=diag({&sd1 &sd2 });             
 S=Ds*R*Ds; 
 T=Root(S); 
 X=J(n,NRow(S),Seed); 
 X=Rannor(X); 
 YY=X*T; 
 if &skewness=0 then y=yy; 
 if &skewness=-0.5 then y= 0.092623546 + 1.039945975*YY - 
0.092623546*YY##2 - 0.016460828*YY##3; 
 if &skewness=0.5  then y=-0.092623546 + 1.039945975*YY + 
0.092623546*YY##2 - 0.016460828*YY##3; 
 if &skewness=1 then    y=-0.239381980 + 1.088276819*YY + 
0.239381980*YY##2 - 0.042209244*YY##3; 
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 if &skewness=-1 then   y= 0.239381980 + 1.088276819*YY - 
0.239381980*YY##2 - 0.042209244*YY##3; 
Create sox1 From Y; 
Append From Y; 
Close sox1; 
Quit; 
proc sql;  create table sox as 
select col1-(min(col1)+range(col1)/2) as col1,  
        col2-(min(col2)+range(col2)/2) as col2,         
from sox1; 
quit; 
proc means data=sox; 
var col1 col2; 
output out=temp_skew skew=skew1 skew2; 
run; 
data _null_; 
set temp_skew; 
call symput('sample_skew_col1',skew1); 
call symput('sample_skew_col2',skew2); 
run; 
data data; 
  set sox; 
  id+1; 
  if mod(id,2)ne 0 then group=1; else group=0; 
 /************************************/ 
       /*Sets reliability at .80*/ 
 /************************************/ 
  if group=1 then dv=0.8*col2+0.2*rannor(0); 
  if group=0 then dv=0.8*col2+0.2*rannor(0); 
  pre=0.8*col1+0.2*rannor(0); 
  gain=dv-pre; 
run; 
data _null_; 
if &skewness=-0.5 then sk='_M5'; 
else if &skewness=0.5 then sk='_P5'; 
else if &skewness=0.0 then sk='_N'; 
else if &skewness=-1 then sk='_M1'; 
else if &skewness=1 then sk='_P1'; 
call symput('index', translate(put(&samp, 4.)||put(&corr*100, 
2.)||put(&sd2*10,2.)||put(&es*10,2.)||trim(left(sk)),'0',' ')); 
run; 
data treatment; 
 set data; 
 if group=1; 
run; 
ods output summary=gains; 
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proc means data=treatment; 
 var gain pre dv; 
run; 
ods output close; 
 
data treatgain; 
 set gains; 
 gain_tx_mean=gain_mean; 
 gain_tx_stddev=gain_stddev; 
 pre_tx_mean=pre_mean; 
 pre_tx_stddev=pre_stddev; 
 dv_tx_mean=dv_mean; 
 dv_tx_stddev=dv_stddev; 
run; 
data control; 
 set data; 
 if group=0; 
run; 
ods output summary=gains_ct; 
proc means data=control; 
 var gain pre dv; 
run; 
ods output close; 
data contgain; 
 set gains_ct; 
 gain_ct_mean=gain_mean; 
 gain_ct_stddev=gain_stddev; 
 pre_ct_mean=pre_mean; 
 pre_ct_stddev=pre_stddev; 
 dv_ct_mean=dv_mean; 
 dv_ct_stddev=dv_stddev; 
run; 
ods output pearsoncorr=pregroup; 
proc corr data=data; 
    var pre group; 
run; 
ods output close; 
data q (keep=group); 
    set pregroup; 
    if variable='pre'; 
run; 
ods output pearsoncorr=corr; 
proc corr data=data; 
    var pre dv; 
run; 
ods output close; 
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data r (keep=dv); 
    set corr; 
    if variable='pre'; 
run; 
 
ods output pearsoncorr=precol3; 
proc corr data=data; 
    var pre col3; 
run; 
ods output close; 
data s (keep=col3); 
    set precol3; 
    if variable='pre'; 
run; 
ods output summary=blah; 
proc means data=data mean std skew; 
 var pre dv; 
run; 
ods output close; 
data blah_1 (keep=corr_isac); 
 set blah; 
 varpre=pre_stddev*pre_stddev; 
 vardv=dv_stddev*dv_stddev; 
 corr_isac=((&corr*dv_stddev)-pre_stddev)/sqrt(varpre+vardv-
(2*&corr*pre_stddev*dv_stddev)); 
run; 
/*********************************************************************/ 

/********* ANCOVA   *******/ 
/********************************************************************/ 
ods output lsmeans=ancova  
proc glm data=data; 
     class group; 
     model dv=pre group; 
  lsmeans group /stderr pdiff; 
  means group; 
run; 
ods output close; 
quit; 
data anco_0 (keep=acv_lsmean_0 acv_stderr_0 acv_probtdiff ); 
 set ancova; 
 acv_lsmean_0=lsmean; 
 acv_stderr_0=stderr; 
 acv_probtdiff=probtdiff; 
 if group='0';             
run; 
data anco_1 (keep=acv_lsmean_1 acv_stderr_1 ); 
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 set ancova; 
 acv_lsmean_1=lsmean; 
 acv_stderr_1=stderr; 
 if group='1'; 
run; 
data ancova_final;      
 merge anco_0 anco_1; 
run; 
 
/******* Difference Score ********************************/ 
 
data univ (keep=id group measure time); 
 set data; 
 measure=pre; 
 time=1; 
 output; 
 measure=dv; 
 time=2; 
 output; 
run; 
quit; 
proc means data=data; 
var dv; 
where group=0; 
output out=mixed_cs_stddev std=mixed_cs_std_0; 
run; 
ods output estimates=es_cs; 
proc mixed data=univ noclprint noitprint; 
    class id group time; 
 model measure=group time group*time /outp=res_mixed_cs residual; 
 repeated time / type=cs subject=id; 
 estimate 'intcont' group 0 0 time 0 0 group*time -1 1 1 -1; 
run; 
ods output close; 
data intcont_cs; 
   set es_cs; 
   if label='intcont'; 
   intcontest_cs=estimate; 
   intcontprob_cs=probt; 
   intcontse_cs=stderr; 
run; 
data diff_cs; 
  merge intcont_cs (keep=intcontest_cs intcontprob_cs intcontse_cs) 
        mixed_cs_stddev (keep=mixed_cs_std_0)        ; 
  mixed_cs_glass_d=intcontest_cs/mixed_cs_std_0; 
run; 
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/*********END OF diff score approach******************/ 
data temp; 
 condition="C"||"&index"; 
 num=&i; 

samplesize=&samp; 
 corr=&corr; 
 std2=&sd2; 
 effect=&es; 
 rho_change=&rho_change; 
 skewness=&skewness; 
 outlier=&pct_outlier; 
 merge ancova_both_final diff_cs q r s blah blah_1 treatgain contgain; 
run; 
/*********************************************************/ 
/** the final dataset are created here. it has a postfix */ 
/* to indicate under which condition it was simulated.   */ 
/* this is the only permanent dataset in this program    */ 
/*********************************************************/ 
proc append base=diss.sim_&index data=temp; 
run; 
%end;  
proc append base=diss.master_final data=diss.sim_&index; 
run; 
%mend blah;   
/*****end of macro****/ 
data rho_change; 
input rho_change; 
cards; 
-0.3 
0  
0.3; 
run; 
data corr; 
input corr; 
cards; 
0.2 
0.4 
0.6 
0.8; 
run; 
data sample; 
input n; 
cards; 
40 
60 
100 
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200 
1000; 
run; 
data es; 
input es; 
cards; 
0 
0.2 
0.5 
0.8; 
run; 
data skewness; 
input skewness; 
cards; 
-0.5 
0.5  
0 
1 
-1; 
run; 
proc sql; 
create table b as 
select * from rho_change,corr; 
quit; 
data diss.sd_and_rho (keep=corr sd2 rho_change); 
 set b; 
chunck=(2*corr*(rho_change**2)-2*corr)**2-4*(corr**2-rho_change**2)*(1-
rho_change**2); 
sd21=((2*corr-2*corr*rho_change**2)+sqrt(chunck))/(2*(corr**2-rho_change**2)); 
sd22=((2*corr-2*corr*rho_change**2)-sqrt(chunck))/(2*(corr**2-rho_change**2)); 
if sd21>=0 and abs((corr*sd21-1)/sqrt(1+sd21**2-2*corr*sd21)-
rho_change)<0.00000001 then sd2=sd21; 
else if sd22>=0 and  abs((corr*sd22-1)/sqrt(1+sd22**2-2*corr*sd22)-
rho_change)<0.00000001 then sd2=sd22; 
else sd2=.; 
if sd2 gt 4.9999 or sd2=.  then delete; 
run; 
proc sql; 
create table e as 
select * from sample, diss.sd_and_rho, es, skewness; 
quit; 
proc sort data=e; 
by n corr es sd2 rho_change skewness; 
run; 
data mname (keep=m_name sim_name); 
set e; 
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if skewness=-0.5 then sk='_M5'; 
else if skewness=0.5 then sk='_P5'; 
else if skewness=0.0 then sk='_N'; 
else if skewness=-1 then sk='_M1'; 
else if skewness=1 then sk='_P1'; 
length m_name $ 45 sim_name $ 30; 
m_name='%blah(1000,'||put(n,4.)||','||put(corr,4.2)||',1,'||put(sd2,5.3)||','||put(es,3.1)||','||put(r
ho_change,4.1)||','||put(skewness,4.1)||')'; 
sim_name='diss.sim_'||translate(put(n, 4.)||put(corr*100, 
2.)||put(sd2*10,2.)||put(es*10,2.)||trim(left(sk)),'0',' '); 
run; 
data _null_; 
set mname; 
file macros; 
put m_name; 
run; 
data _null_; 
set mname; 
file skew; 
put sim_name; 
run; 
%include macros;   
data a.master_final; 
  set a.master; 
 if intcontprob_cs lt .05 then gainprob=1; else gainprob=0; 
    if acv_probtdiff lt .05 then casprob=1; else casprob=0;  
    gainbias=gain_tx_mean-gain_ct_mean; 
    casbias=acv_lsmean_1-acv_lsmean_0; 
run; 
ods rtf file='Z:\Dissertation\manipulationcheck.rtf' style=minimal; 
proc tabulate data=a.master_final; 
 class samplesize corr rho_change effect skewness; 
 var dv corr_isac pre_skew dv_skew gainbias casbias1; 
 table samplesize*corr*rho_change*effect*skewness,dv*mean corr_isac*mean 
pre_skew*mean dv_skew*mean gainbias*mean casbias1*mean; 
run; 
ods rtf close; 
ods rtf file='Z:\Dissertation\power.rtf' style=minimal; 
proc tabulate data=a.master_final; 
 class samplesize corr rho_change effect skewness; 
 var gainprob casprob; 
 table samplesize*corr*rho_change*effect*skewness,gainprob*mean 
casprob*mean; 
run; 
ods rtf close; 
/*Bias Analysis*/ 
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ods rtf file='X:\Yaacov\bias_all.rtf' style=minimal; 
proc tabulate data=diss.master_final1; 
 class samplesize corr rho_change effect skewness; 
 var gainbias casbias; 
 table samplesize*corr*rho_change*effect*skewness,casbias*mean 
gainbias*mean; 
run; 
ods rtf close; 
ods rtf file='X:\Yaacov\bias_samp.rtf' style=minimal; 
proc tabulate data=diss.master_final1; 
 class samplesize ; 
 var gainbias casbias; 
 table samplesize,casbias*mean gainbias*mean; 
run; 
ods rtf close; 
ods rtf file='X:\Yaacov\bias_corr.rtf' style=minimal; 
proc tabulate data=diss.master_final1; 
 class  corr ; 
 var gainbias casbias; 
 table corr,casbias*mean gainbias*mean; 
run; 
ods rtf close; 
ods rtf file='X:\Yaacov\bias_isac.rtf' style=minimal; 
proc tabulate data=diss.master_final1; 
 class rho_change; 
 var gainbias casbias; 
 table rho_change,casbias*mean gainbias*mean; 
run; 
ods rtf close; 
ods rtf file='X:\Yaacov\bias_effect.rtf' style=minimal; 
proc tabulate data=diss.master_final1; 
 class effect ; 
 var gainbias casbias; 
 table effect,casbias*mean gainbias*mean; 
run; 
ods rtf close; 
ods rtf file='X:\Yaacov\bias_skew.rtf' style=minimal; 
proc tabulate data=diss.master_final1; 
 class skewness; 
 var gainbias casbias; 
 table skewness,casbias*mean gainbias*mean; 
run; 
ods rtf close; 
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APPENDIX C 

CODE FOR ESTIMATION OF NON-NORMALITY VALUES 

proc iml; 
skewkurt={0.5 0, 
         -0.5 0, 
            1 0, 
           -1 0  
          }; 
start newton; 
  run fun; 
  do iter=1 to maxiter 
  while (max(abs(f))>converge); 
    run deriv; 
  delta=-solve(j,f); 
  coef=coef+delta; 
  run fun; 
  end; 
finish newton; 
maxiter=25; 
converge=0.000001; 
start fun; 
  x1=coef[1]; 
  x2=coef[2];  
  x3=coef[3]; 
  f=(x1**2+6*x1*x3+2*x2**2+15*x3**2-1)// 
    (2*x2*(x1**2+24*x1*x3+105*x3**2+2)-skewness)// 
 (24*(x1*x3+x2**2*(1+x1**2+28*x1*x3)+x3**2*(12+48*x1*x3+141*x2**2+2
25*x3**2))-kurtosis); 
finish fun; 
start deriv; 
  j=((2*x1+6*x3)||(4*x2)||(6*x1+30*x3))//    
((4*x2*(x1+12*x3))||(2*(x1**2+24*x1*x3+105*x3**2+2))||(4*x2*(12*x1+105*x3)))// 
 ((24*(x3+x2**2*(2*x1+28*x3)+48*x3**3))||(48*x2*(1+x1**2+28*x1*x3+141*
x3**2))|| 
(24*(x1+28*x1*x2**2+2*x3*(12+48*x1*x3+141*x2**2+225*x3**2)+x3**2*(48*x1+
450*x3)))); 
finish deriv; 
num=nrow(skewkurt); 
do var=1 to num; 
  skewness=skewkurt[var,1]; 
  kurtosis=skewkurt[var,2]; 
  coef={1.0, 0.0, 0.0}; 
  run newton; 
  coef=coef`; 
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  sk_kur=skewkurt[var,]; 
  combine=sk_kur||coef; 
  if var=1 then result=combine; 
  else if var>1 then result=(result // combine); 
end; 
print "Coefficients Of B, C, D For Fleishman's Power Transformation"; 
print "Y = A + BX + CX^2 + DX^3"; 
print "A = -C"; 
mattrib result colname=({skewness Kurtosis b c d}) format=12.9; 
print result; 
create skew.bcd from result [colname={skewness kurtosis b c d}]; 
append from result; 
close bcd; 
quit;  
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APPENDIX D 

MANIPULATION CHECK RESULTS FOR INTERACTIONS AMONG FACTORS 

Table D1 

Manipulation Check for Mastery Learning Condition 

E.S. Skew )( 21XXρ  = 0.2 )( 21XXρ  = 0.4 )( 21XXρ  = 0.6 )( 21XXρ = 0.8 

  R1 R2 S1 S2 R1 R2 S1 S2 R1 R2 S1 S2 R1 R2 S1 S2 

0.0 -1 .17 -.35 -.92 -1.01 .36 -.34 -.92 -1.01 .55 -.32 -.92 -.97 .77 -.30 -.92 -.92 

 -0.5 .18 -.36 -.45 -.58 .38 -.34 -.44 -.54 .58 -.32 -.45 -.49 .77 -.30 -.45 -.45 

 0 .19 -.31 .00 .00 .39 -.31 .00 .00 .59 -.31 .00 .00 .79 -.30 .00 .00 

 0.5 .18 -.36 .45 .58 .38 -.34 .45 .54 .58 -.32 .45 .49 .77 -.30 .45 .45 

  1 .17 -.35 .93 1.01 .36 -.34 .92 1.01 .55 -.32 .92 .97 .77 -.30 .92 .92 

0.2 -1 .17 -.35 -.93 -1.00 .36 -.34 -.92 -.99 .55 -.32 -.92 -.95 .76 -.29 -.92 -.90 

 -0.5 .18 -.36 -.45 -.58 .37 -.34 -.45 -.53 .56 -.31 -.45 -.48 .77 -.29 -.45 -.44 

 0 .19 -.31 .00 .00 .39 -.31 .00 .00 .59 -.30 .00 .00 .78 -.29 .00 .00 

 0.5 .18 -.36 .44 .58 .37 -.34 .44 .53 .56 -.31 .45 .48 .77 -.29 .45 .44 

  1 .17 -.35 .92 1.00 .36 -.34 .92 1.00 .55 -.32 .92 .95 .76 -.29 .92 .90 

0.5 -1 .17 -.34 -.92 -.97 .35 -.33 -.93 -.94 .56 -.30 -.92 -.87 .74 -.27 -.92 -.81 

 -0.5 .18 -.36 -.45 -.56 .36 -.33 -.45 -.50 .57 -.29 -.45 -.44 .76 -.27 -.45 -.39 

 0 .19 -.31 .00 .00 .39 -.30 .00 .00 .58 -.28 .00 .00 .77 -.27 .00 .00 

 0.5 .17 -.36 .44 .56 .36 -.33 .45 .50 .57 -.29 .45 .44 .75 -.27 .45 .40 

  1 .17 -.34 .92 .97 .35 -.33 .92 .94 .56 -.30 .92 .88 .74 -.27 .92 .81 

0.8 -1 .17 -.33 -.92 -.91 .35 -.30 -.92 -.84 .55 -.25 -.92 -.75 .74 -.20 -.93 -.67 

 -0.5 .17 -.34 -.45 -.52 .36 -.30 -.44 -.45 .56 -.25 -.44 -.38 .75 -.20 -.45 -.32 

 0 .18 -.30 .00 .00 .38 -.28 .00 .00 .57 -.23 .00 .00 .76 -.20 .00 .01 

 0.5 .17 -.34 .45 .52 .36 -.30 .44 .45 .56 -.24 .45 .38 .75 -.20 .45 .33 
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Table D1 

Manipulation Check for Mastery Learning Condition, cont. 

E.S. Skew )( 21XXρ  = 0.2 )( 21XXρ  = 0.4 )( 21XXρ  = 0.6 )( 21XXρ = 0.8 

  R1 R2 S1 S2 R1 R2 S1 S2 R1 R2 S1 S2 R1 R2 S1 S2 

 0.8 1 .17 -.33 .92 .91 .35 -.30 .93 .85 .55 -.25 .92 .76 .74 -.20 .92 .68 

Note. E.S. = average treatment effect; R1 = observed correlation between pretest-posttest; R2 = observed correlation 

between initial status and change; S1 = pretest skew; S2 = posttest skew; )( 21XXρ = specified population correlation 

between pretest and posttest. 
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Table D2 

Manipulation Check for Parallel Growth Condition  

E.S. Skew )( 21XXρ  = 0.4 )( 21XXρ  = 0.6  )( 21XXρ  = 0.8 

  R1 R2 S1 S2 R1 R2 S1 S2 R1 R2 S1 S2 

0.0 -1 .33 -.04 -.92 -1.00 .49 -.03 -.92 -1.02 .73 -.04 -.92 -.98 

 -0.5 .35 -.03 -.45 -.60 .56 -.03 -.44 -.57 .75 -.04 -.44 -.51 

 0 .39 -.01 .00 .00 .57 -.02 .00 .00 .76 -.02 .00 .00 

 0.5 .34 -.03 .44 .60 .56 -.03 .44 .57 .75 -.04 .44 .51 

 1 .33 -.04 .93 1.00 .49 -.03 .92 1.02 .73 -.04 .92 .98 

0.2 -1 .33 -.04 -.92 -1.00 .49 -.04 -.92 -1.01 .73 -.04 -.91 -.96 

 -0.5 .34 -.03 -.45 -.60 .56 -.03 -.44 -.56 .75 -.04 -.44 -.50 

 0 .39 -.01 .00 .00 .57 .00 .00 .00 .76 -.01 .00 .00 

 0.5 .34 -.03 .44 .60 .55 -.03 .44 .56 .75 -.04 .45 .50 

 1 .33 -.04 .92 .98 .49 -.04 .92 1.01 .73 -.04 .91 .96 

0.5 -1 .33 -.05 -.92 -.97 .48 -.04 -.92 -.96 .74 .00 -.92 -.89 

 -0.5 .34 -.04 -.45 -.58 .55 -.04 -.44 -.53 .74 .00 -.44 -.46 

 0 .39 -.01 .00 .00 .56 .00 .00 .00 .75 .02 .00 .00 

 0.5 .34 -.04 .44 .58 .54 -.04 .44 .53 .74 .00 .44 .46 

 1 .33 -.05 .93 .98 .48 -.04 .92 .96 .74 .00 .92 .90 

0.8 -1 .33 -.05 -.92 -.93 .47 -.03 -.92 -.88 .73 .03 -.91 -.78 

 -0.5 .34 -.04 -.44 -.55 .53 -.04 -.44 -.48 .74 .04 -.44 -.41 

 0 .39 -.01 .00 .00 .55 .01 .00 .00 .75 .04 .00 .00 

 0.5 .33 -.04 .45 .55 .53 -.04 .44 .49 .73 .03 .44 .41 

 1 .33 -.05 .92 .93 .47 -.03 .92 .89 .73 .03 .92 .78 

Note. E.S.= average treatment effect; R1 = observed correlation between pretest-posttest; R2 = observed correlation between initial 

status and change; S1 = pretest skew; S2 = posttest skew; )( 21XXρ = specified population correlation between pretest and posttest. 
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Table D3 

Manipulation Check for Fan-Spread Growth Condition 

E.S. Skew )( 21XXρ  = 0.6 )( 21XXρ  = 0.8 

    R1 R2 S1 S2 R1 R2 S1 S2 

0.0 -1 .53 .25 -.93 -1.00 .72 .24 -.91 -1.02 

 -0.5 .55 .27 -.44 -.59 .77 .26 -.43 -.56 

 0 .59 .29 .00 .00 .79 .28 .00 .00 

 0.5 .55 .27 .44 .59 .77 .26 .42 .57 

  1 .53 .25 .93 1.00 .72 .24 .91 1.02 

0.2 -1 .50 .25 -.93 -.99 .72 .23 -.91 -1.00 

 -0.5 .54 .27 -.44 -.59 .78 .26 -.43 -.56 

 0 .59 .29 .00 .00 .79 .28 .00 .00 

 0.5 .53 .27 .44 .59 .78 .26 .43 .58 

  1 .50 .25 .93 1.00 .72 .23 .92 1.01 

0.5 -1 .50 .25 -.93 -.98 .72 .26 -.92 -.96 

 -0.5 .53 .27 -.44 -.58 .76 .28 -.43 -.54 

 0 .59 .29 .00 .00 .78 .30 .00 .00 

 0.5 .53 .27 .44 .58 .76 .28 .43 .53 

  1 .50 .25 .93 .98 .72 .26 .92 .96 

0.8 -1 .50 .26 -.92 -.94 .71 .28 -.91 -.88 

 -0.5 .53 .28 -.44 -.55 .75 .29 -.43 -.48 

 0 .58 .29 .00 .00 .77 .32 .00 .00 

 0.5 .53 .28 .44 .55 .75 .29 .42 .49 

  1 .50 .26 .92 .94 .71 .28 .92 .89 

Note. E.S.= average treatment effect; R1 = observed correlation between pretest-posttest; R2 = observed correlation between initial 

status and change; S1 = pretest skew; S2 = posttest skew; )( 21XXρ = specified population correlation between pretest and posttest. 
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APPENDIX E 

TYPE I ERROR RATES FOR INTERACTIONS AMONG FACTORS 

Table E1       

Type I Error Rates - Mastery Learning 

)( 21XXρ  N Skew 

    -1 -0.5 0 0.5 1 

0.20 40 .05 (.05) .05 (.05) .06 (.06) .06 (.05) .05 (.05) 

 60 .05 (.05) .05 (.05) .05 (.05) .05 (.05) .05 (.04) 

 200 .06 (.05) .06 (.05) .05 (.05) .04 (.05) .06 (.06) 

 400 .04 (.05) .05 (.05) .04 (.05) .06 (.06) .05 (.04) 

 1000 .04 (.05) .05 (.05) .05 (.04) .05 (.04) .04 (.05) 

0.40 40 .05 (.03) .05 (.05) .06 (.05) .04 (.06) .05 (.04) 

 60 .06 (.05) .04 (.04) .05 (.05) .05 (.05) .05 (.05) 

 200 .06 (.05) .04 (.03) .05 (.05) .06 (.06) .06 (.06) 

 400 .04 (.04) .05 (.05) .05 (.05) .05 (.05) .04 (.04) 

 1000 .04 (.05) .05 (.05) .04 (.05) .05 (.04) .05 (.05) 

0.60 40 .05 (.05) .06 (.06) .05 (.04) .05 (.04) .05 (.05) 

 60 .05 (.05) .05 (.06) .05 (.05) .05 (.05) .05 (.05) 

 200 .06 (.06) .06 (.06) .06 (.06) .04 (.04) .06 (.06) 

 400 .04 (.05) .05 (.05) .05 (.05) .06 (.06) .05 (.05) 

 1000 .06 (.06) .06 (.05) .05 (.06) .06 (.05) .05 (.05) 

0.80 40 .04 (.04) .05 (.04) .06 (.06) .06 (.06) .03 (.03) 

 60 .05 (.06) .05 (.05) .05 (.05) .06 (.06) .05 (.05) 

 200 .04 (.05) .06 (.06) .05 (.05) .05 (.05) .05 (.05) 

 400 .06 (.05) .05 (.04) .05 (.05) .04 (.05) .05 (.04) 

  1000 .03 (.04) .05 (.05) .05 (.05) .05 (.05) .05 (.05) 

Note. )( 21XXρ = specified population correlation between pretest and posttest. 
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Table E2 

Type I Error Rates - Parallel Growth 

)( 21XXρ  N Skew 

    -1 -0.5 0 0.5 1 

0.40 40 .04 (.05 ) .06 (.05) .05 (.05) .05 (.05) .05 (.05) 

 60 .05 (.05) .06 (.06) .05 (.05) .06 (.05) .04 (.04) 

 200 .04 (.05) .04 (.05) .06 (.06) .05 (.04) .05 (.05) 

 400 .06 (.06) .04 (.04) .06 (.05) .05 (.05) .05 (.05) 

 1000 .05 (.04) .05 (.05) .05 (.05) .04 (.04) .05 (.05) 

0.60 40 .04 (.04) .04 (.04) .04 (.05) .06 (.06) .05 (.04) 

 60 .05 (.05)  .05 (.06) .05 (.05) .05 (.05) .06 (.06) 

 200 .05 (.05) .05 (.05) .05 (.05) .05 (.05) .05 (.05) 

 400 .05 (.06)  .05 (.06) .05 (.05) .04 (.05) .06 (.06) 

 1000 .05 (.05) .06 (.04) .04 (.04) .04 (.04) .04 (.04) 

0.80 40 .06 (.06) .05 (.05) .04 (.04) .05 (.05) .05 (.05) 

 60 .06 (.05) .05 (.05) .06 (.06) .04 (.04) .05 (.05) 

 200 .06 (.05) .05 (.05) .05 (.06) .05 (.05) .05 (.04) 

 400 .06 (.05) .05 (.04) .06 (.06) .05 (.05) .05 (.05) 

  1000 .05 (.06) .05 (.04) .05 (.05) .04 (.04) .05 (.05) 

Note. )( 21XXρ = specified population correlation between pretest and posttest. 
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Table E3 

Type I Error Rates - Fan-Spread Growth 

)( 21XXρ  N Skew 

    -1 -0.5 0 0.5 1 

0.60 40 .04 (.04) .05 (.05) .04 (.04) .06 (.06) .06 (.05) 

 60 .05 (.04) .05 (.05) .05 (.04) .04 (.04) .04 (.04) 

 200 .05 (.05) .04 (.04) .05 (.05) .05 (.05) .05 (.06) 

 400 .05 (.05) .05 (.05) .04 (.04) .05 (.05) .04 (.04) 

 1000 .05 (.05) .04 (.04) .06 (.05) .04 (.04) .04 (.04) 

0.80 40 .05 (.06) .05 (.05) .04 (.04) .03 (.04) .06 (.07) 

 60 .05 (.05) .05 (.05) .05 (.04) .06 (.06) .04 (.05) 

 200 .06 (.06) .05 (.05) .06 (.06) .05 (.05) .05 (.05) 

 400 .04 (.04 ) .06 (.05) .05 (.05) .05 (.05) .05 (.05) 

  1000 .06 (.06) .04 (.05) .04 (.04) .05 (.04) .04 (.04) 

Note. )( 21XXρ = specified population correlation between pretest and posttest. 
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APPENDIX F 

RAW DATA POWER COMPARISON AND RELATIVE RATIO FOR INTERACTIONS AMONG FACTORS 

Table F1      

Raw Data Power Comparison and Relative Ratio for Mastery Learning and )( 21XXρ = .20  

N E.S. Raw Data Comparison Covariance Score-Gain Score Power Ratio 

  Skew Skew 

    -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 

40 0.2 0.09(0.25) 0.09(0.26) 0.11(0.28) 0.10(0.26) 0.09(0.24) 266.0 287.0 256.4 260.0 258.7 

 0.5 0.36(0.89) 0.42(0.9) 0.42(0.94) 0.40(0.9) 0.46(0.88) 244.0 213.2 225.5 223.3 192.1 

  0.8 0.75(1.00) 0.81(1.00) 0.83(1.00) 0.83(1.00) 0.78(1.00) 132.8 124.1 120.8 120.8 127.6 

60 0.2 0.12(0.33) 0.13(0.38) 0.15(0.41) 0.12(0.38) 0.14(0.35) 275.0 292.3 271.1 320.3 257.4 

 0.5 0.57(0.97) 0.59(0.99) 0.61(0.99) 0.63(0.98) 0.57(0.98) 169.7 166.6 161.2 155.1 171.0 

  0.8 0.92(1.00) 0.93(1.00) 0.92(1.00) 0.95(1.00) 0.90(1.00) 108.9 107.1 108.2 105.5 111.1 

200 0.2 0.36(0.83) 0.42(0.87) 0.41(0.9) 0.39(0.85) 0.36(0.87) 233.7 205.2 220.7 219.0 243.8 

 0.5 0.98(1.00) 0.99(1.00) 0.98(1.00) 0.98(1.00) 0.97(1.00) 102.0 101.4 101.8 101.6 103.3 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

400 0.2 0.58(0.99) 0.63(0.99) 0.65(0.99) 0.62(1.00) 0.63(0.98) 170.8 156.5 153.3 160.7 156.4 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

1000 0.2 0.95(1.00) 0.95(1.00) 0.96(1.00) 0.95(1.00) 0.93(1.00) 105.0 105.7 104.0 105.7 107.5 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between pretest and posttest. 
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Table F2      

Raw Data Power Comparison and Relative Ratio for Mastery Learning and )( 21XXρ = .40  

N E.S. Raw Data Comparison Covariance Score-Gain Score Power Ratio 

  Skew Skew 

    -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 

40 0.2 0.10(0.27) 0.10(0.28) 0.09(0.26) 0.10(0.28) 0.14(0.26) 281.3 270.6 272.3 293.8 188.6 

 0.5 0.49(0.9) 0.54(0.94) 0.50(0.94) 0.52(0.95) 0.49(0.92) 182.2 174.8 187.7 183.4 188.9 

  0.8 0.84(1.00) 0.88(1.00) 0.87(1.00) 0.87(1.00) 0.84(1.00) 119.6 113.1 114.4 115.5 119.1 

60 0.2 0.18(0.37) 0.14(0.43) 0.14(0.45) 0.14(0.42) 0.16(0.39) 201.1 314.5 319.7 288.9 242.0 

 0.5 0.64(0.99) 0.70(0.99) 0.68(1.00) 0.69(0.99) 0.65(0.98) 153.4 142.4 147.9 144.1 150.9 

  0.8 0.96(1.00) 0.96(1.00) 0.97(1.00) 0.95(1.00) 0.98(1.00) 104.2 104.2 103.3 105.0 102.5 

200 0.2 0.45(0.86) 0.42(0.89) 0.41(0.91) 0.44(0.9) 0.42(0.86) 191.5 210.4 224.1 205.5 204.3 

 0.5 0.99(1.00) 0.99(1.00) 0.99(1.00) 1.00(1.00) 0.99(1.00) 100.8 100.8 100.6 100.4 101.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

400 0.2 0.66(0.98) 0.75(1.00) 0.72(1.00) 0.69(0.99) 0.68(0.99) 147.9 133.8 138.7 144.9 146.5 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

1000 0.2 0.97(1.00) 0.99(1.00) 0.99(1.00) 0.97(1.00) 0.97(1.00) 102.9 100.8 101.4 102.7 102.7 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between pretest and posttest. 
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Table F3      

Raw Data Power Comparison and Relative Ratio for Mastery Learning and )( 21XXρ = .60  

N E.S. Raw Data Comparison Covariance Score-Gain Score Power Ratio 

  Skew Skew 

    -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 

40 0.2 0.12(0.3) 0.14(0.33) 0.12(0.35) 0.14(0.33) 0.10(0.27) 241.9 242.7 285.5 234.3 266.7 

 0.5 0.56(0.95) 0.60(0.97) 0.57(0.98) 0.57(0.97) 0.56(0.94) 170.4 160.6 172.2 169.7 167.0 

  0.8 0.91(1.00) 0.93(1.00) 0.93(1.00) 0.94(1.00) 0.92(1.00) 110.1 107.1 107.1 106.6 108.2 

60 0.2 0.16(0.4) 0.16(0.5) 0.18(0.47) 0.19(0.44) 0.18(0.45) 251.3 308.6 260.0 238.7 246.2 

 0.5 0.76(1.00) 0.78(1.00) 0.78(1.00) 0.75(1.00) 0.71(0.99) 132.0 128.5 128.2 133.1 140.4 

  0.8 0.99(1.00) 1.00(1.00) 0.98(1.00) 0.99(1.00) 0.98(1.00) 101.0 100.4 101.6 100.6 102.3 

200 0.2 0.50(0.92) 0.50(0.95) 0.52(0.97) 0.51(0.92) 0.49(0.93) 183.3 190.0 187.3 179.8 189.8 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.2 100.2 100.2 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

400 0.2 0.82(1.00) 0.82(1.00) 0.81(1.00) 0.79(1.00) 0.77(0.99) 121.7 121.7 123.2 126.6 129.5 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

1000 0.2 0.99(1.00) 0.99(1.00) 0.99(1.00) 0.99(1.00) 1.00(1.00) 100.6 100.6 100.8 101.0 100.4 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between pretest and posttest. 
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Table F4      

Raw Data Power Comparison and Relative Ratio for Mastery Learning and )( 21XXρ = .80  

N E.S. Raw Data Comparison Covariance Score-Gain Score Power Ratio 

  Skew Skew 

    -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 

40 0.2 0.17(0.42) 0.18(0.45) 0.17(0.5) 0.17(0.49) 0.19(0.4) 246.5 246.7 292.9 283.7 212.9 

 0.5 0.69(0.99) 0.73(0.99) 0.71(1.00) 0.71(0.99) 0.70(0.99) 143.2 135.3 139.8 139.8 141.2 

  0.8 0.97(1.00) 0.99(1.00) 0.98(1.00) 0.98(1.00) 0.97(1.00) 103.1 101.4 101.8 102.0 103.5 

60 0.2 0.21(0.56) 0.21(0.64) 0.27(0.64) 0.22(0.64) 0.21(0.56) 265.1 312.6 236.0 294.4 261.7 

 0.5 0.88(1.00) 0.89(1.00) 0.91(1.00) 0.88(1.00) 0.87(1.00) 114.2 112.1 110.1 113.4 114.9 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 0.99(1.00) 100.0 100.0 100.0 100.0 100.6 

200 0.2 0.60(0.98) 0.64(0.99) 0.65(0.99) 0.66(0.99) 0.64(0.98) 165.1 153.7 153.4 149.7 154.2 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

400 0.2 0.91(1.00) 0.90(1.00) 0.91(1.00) 0.91(1.00) 0.89(1.00) 109.9 111.1 109.7 109.7 111.9 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

1000 0.2 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.2 100.0 100.2 100.2 100.0 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between pretest and posttest. 
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Table F5      

Raw Data Power Comparison and Relative Ratio for Parallel Growth and )( 21XXρ = .40  

N E.S. Raw Data Comparison Covariance Score-Gain Score Power Ratio 

  Skew Skew 

    -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 

40 0.2 0.11(0.15) 0.11(0.12) 0.11(0.13) 0.09(0.11) 0.11(0.1) 135.2 105.4 124.1 127.9 94.6 

 0.5 0.30(0.42) 0.37(0.48) 0.40(0.53) 0.39(0.53) 0.38(0.52) 139.3 129.6 132.2 137.1 137.2 

  0.8 0.69(0.83) 0.77(0.9) 0.74(0.89) 0.75(0.87) 0.70(0.88) 119.0 116.3 119.1 115.7 126.3 

60 0.2 0.11(0.16) 0.13(0.17) 0.14(0.17) 0.13(0.17) 0.13(0.19) 141.8 129.9 121.4 127.3 150.0 

 0.5 0.47(0.64) 0.54(0.7) 0.51(0.68) 0.54(0.66) 0.50(0.67) 135.0 129.0 133.1 121.0 135.9 

  0.8 0.87(0.96) 0.89(0.98) 0.93(0.98) 0.90(0.96) 0.85(0.96) 109.9 109.4 104.9 106.7 112.7 

200 0.2 0.30(0.42) 0.32(0.47) 0.33(0.45) 0.34(0.45) 0.26(0.4) 141.2 146.0 134.3 132.9 151.9 

 0.5 0.95(1.00) 0.97(1.00) 0.97(0.99) 0.98(1.00) 0.95(0.99) 105.1 103.3 102.1 102.3 104.4 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

400 0.2 0.54(0.72) 0.54(0.71) 0.55(0.72) 0.61(0.76) 0.55(0.74) 132.1 131.3 131.4 123.9 135.2 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.2 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

1000 0.2 0.92(0.99) 0.94(0.99) 0.93(0.97) 0.96(0.99) 0.91(0.97) 106.9 105.8 105.0 103.1 106.6 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between pretest and posttest. 
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Table F6      

Raw Data Power Comparison and Relative Ratio for Parallel Growth and )( 21XXρ = .60  

N E.S. Raw Data Comparison Covariance Score-Gain Score Power Ratio 

  Skew Skew 

    -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 

40 0.2 0.09(0.11) 0.13(0.15) 0.13(0.16) 0.18(0.18) 0.10(0.13) 121.3 113.6 117.9 97.8 131.4 

 0.5 0.50(0.62) 0.52(0.62) 0.48(0.58) 0.45(0.54) 0.46(0.55) 123.9 119.2 121.9 120.1 120.4 

  0.8 0.86(0.92) 0.88(0.92) 0.88(0.93) 0.91(0.96) 0.84(0.9) 106.5 104.5 105.2 105.7 107.4 

60 0.2 0.16(0.2) 0.15(0.18) 0.17(0.2) 0.19(0.23) 0.17(0.22) 127.5 115.8 118.1 121.9 124.1 

 0.5 0.65(0.77) 0.66(0.75) 0.70(0.8) 0.68(0.74) 0.62(0.72) 118.2 114.6 114.0 109.4 116.8 

  0.8 0.97(0.99) 0.97(0.99) 0.99(0.99) 0.99(1.00) 0.96(0.99) 102.3 102.1 100.8 101.0 103.8 

200 0.2 0.39(0.43) 0.45(0.54) 0.45(0.57) 0.42(0.54) 0.41(0.5) 109.7 122.0 125.6 129.2 122.3 

 0.5 0.99(1.00) 1.00(1.00) 0.99(1.00) 1.00(1.00) 0.99(1.00) 100.8 100.4 100.4 100.4 100.6 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

400 0.2 0.71(0.81) 0.76(0.84) 0.77(0.87) 0.71(0.85) 0.69(0.81) 114.0 110.6 112.2 119.5 117.4 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

1000 0.2 0.97(0.99) 0.98(1.00) 0.98(0.99) 0.97(1.00) 0.97(0.99) 102.3 102.1 100.8 102.3 102.3 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between pretest and posttest. 
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Table F7      

Raw Data Power Comparison and Relative Ratio for Parallel Growth and )( 21XXρ = .80  

N E.S. Raw Data Comparison Covariance Score-Gain Score Power Ratio 

  Skew Skew 

    -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 

40 0.2 0.15(0.18) 0.18(0.19) 0.20(0.21) 0.20(0.22) 0.17(0.19) 120.0 107.9 103.0 109.1 110.5 

 0.5 0.72(0.75) 0.75(0.79) 0.74(0.78) 0.77(0.79) 0.74(0.77) 103.9 105.6 105.1 102.6 103.8 

  0.8 0.98(0.99) 0.98(0.99) 0.99(0.99) 0.99(0.99) 0.97(0.99) 100.4 100.8 100.4 100.2 102.1 

60 0.2 0.24(0.27) 0.23(0.24) 0.23(0.25) 0.28(0.3) 0.23(0.26) 113.2 105.3 107.7 106.3 114.2 

 0.5 0.89(0.93) 0.90(0.93) 0.92(0.93) 0.91(0.93) 0.88(0.91) 104.5 103.8 101.5 101.3 103.9 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

200 0.2 0.60(0.66) 0.67(0.72) 0.68(0.74) 0.67(0.74) 0.66(0.7) 110.7 107.8 108.6 109.9 106.4 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

400 0.2 0.92(0.94) 0.91(0.94) 0.93(0.96) 0.93(0.96) 0.90(0.92) 102.2 103.3 102.6 103.2 102.7 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

1000 0.2 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.2 100.0 100.0 100.0 100.0 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between pretest and posttest. 
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Table F8      

Raw Data Power Comparison and Relative Ratio for Fan-Spread Growth and )( 21XXρ = .60  

N E.S. Raw Data Comparison Covariance Score-Gain Score Power Ratio 

  Skew Skew 

    -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 

40 0.2 0.05(0.05) 0.06(0.07) 0.07(0.07) 0.08(0.07) 0.06(0.07) 104.0 106.5 91.9 85.7 103.1 

 0.5 0.23(0.22) 0.25(0.23) 0.23(0.23) 0.24(0.24) 0.20(0.2) 98.2 94.4 98.3 97.5 102.0 

  0.8 0.47(0.46) 0.55(0.56) 0.43(0.43) 0.53(0.52) 0.45(0.46) 99.2 101.1 100.0 98.1 102.2 

60 0.2 0.10(0.09) 0.11(0.11) 0.10(0.09) 0.12(0.12) 0.09(0.1) 92.2 94.7 95.9 98.3 109.1 

 0.5 0.27(0.27) 0.33(0.31) 0.32(0.32) 0.37(0.36) 0.31(0.31) 100.0 94.5 99.4 97.8 97.5 

  0.8 0.60(0.6) 0.72(0.72) 0.64(0.64) 0.72(0.72) 0.62(0.62) 99.7 101.1 99.4 99.2 101.0 

200 0.2 0.19(0.18) 0.21(0.21) 0.17(0.18) 0.23(0.23) 0.18(0.17) 95.7 101.9 101.2 100.9 98.9 

 0.5 0.72(0.73) 0.83(0.82) 0.75(0.77) 0.83(0.82) 0.72(0.73) 101.4 99.0 102.4 99.0 101.7 

  0.8 0.98(0.98) 1.00(0.99) 0.99(0.99) 0.99(0.99) 0.98(0.98) 100.0 99.8 100.0 100.0 100.0 

400 0.2 0.31(0.32) 0.39(0.38) 0.33(0.33) 0.39(0.38) 0.28(0.29) 105.2 98.0 100.0 98.5 101.4 

 0.5 0.93(0.94) 0.99(0.99) 0.98(0.99) 0.98(0.98) 0.95(0.95) 101.1 99.8 100.2 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

1000 0.2 0.65(0.66) 0.73(0.73) 0.70(0.7) 0.76(0.76) 0.59(0.59) 101.5 100.0 100.0 100.5 99.7 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between pretest and posttest. 
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Table F9      

Raw Data Power Comparison and Relative Ratio for Fan-Spread Growth and )( 21XXρ = .80  

N E.S. Raw Data Comparison Covariance Score-Gain Score Power Ratio 

  Skew Skew 

    -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 

40 0.2 0.08(0.08) 0.09(0.11) 0.10(0.09) 0.09(0.08) 0.09(0.09) 90.5 112.8 93.8 93.0 102.2 

 0.5 0.27(0.26) 0.39(0.41) 0.28(0.28) 0.31(0.35) 0.28(0.27) 99.3 104.6 100.0 113.6 94.4 

  0.8 0.59(0.59) 0.70(0.73) 0.58(0.65) 0.68(0.71) 0.55(0.55) 101.0 104.9 110.6 104.1 100.4 

60 0.2 0.12(0.11) 0.11(0.1) 0.09(0.1) 0.12(0.11) 0.11(0.11) 96.6 91.2 110.6 95.0 100.0 

 0.5 0.40(0.4) 0.49(0.52) 0.41(0.46) 0.52(0.52) 0.36(0.35) 100.5 107.0 112.6 99.6 97.8 

  0.8 0.74(0.74) 0.82(0.83) 0.76(0.83) 0.87(0.87) 0.76(0.75) 99.5 101.7 108.7 100.0 99.2 

200 0.2 0.24(0.24) 0.30(0.29) 0.26(0.31) 0.28(0.29) 0.20(0.2) 100.8 98.7 122.7 103.6 100.0 

 0.5 0.87(0.88) 0.93(0.95) 0.85(0.92) 0.93(0.95) 0.85(0.86) 101.2 101.7 108.0 102.4 100.5 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

400 0.2 0.41(0.42) 0.47(0.51) 0.41(0.46) 0.50(0.54) 0.38(0.36) 101.9 107.2 111.1 108.5 96.3 

 0.5 0.99(0.99) 1.00(1.00) 0.99(1.00) 1.00(1.00) 0.98(0.98) 100.0 100.0 100.4 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

1000 0.2 0.80(0.8) 0.88(0.9) 0.82(0.87) 0.88(0.9) 0.73(0.73) 99.5 102.5 106.4 101.8 99.5 

 0.5 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

  0.8 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 1.00(1.00) 100.0 100.0 100.0 100.0 100.0 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between pretest and posttest. 
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APPENDIX G  

DIFFERENCES IN POWER BETWEEN STATISTICAL TECHNIQUES FOR INTERACTIONS AMONG FACTORS 

Table G1 

Differences in Power between Statistical Techniques for Mastery Learning Condition 

N E.S. )( 21XXρ  = .20 )( 21XXρ  = .40 )( 21XXρ  = .60 )( 21XXρ  = .80 

  Skew Skew Skew Skew 

    -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 

40 0.2 0.16 0.17 0.17 0.16 0.15 0.17 0.17 0.16 0.19 0.12 0.18 0.19 0.23 0.19 0.17 0.25 0.27 0.33 0.32 0.21 

 0.5 0.52 0.48 0.52 0.50 0.42 0.41 0.40 0.44 0.43 0.43 0.39 0.37 0.41 0.40 0.38 0.30 0.26 0.28 0.28 0.29 

  0.8 0.25 0.19 0.17 0.17 0.22 0.16 0.12 0.13 0.13 0.16 0.09 0.07 0.07 0.06 0.08 0.03 0.01 0.02 0.02 0.03 

60 0.2 0.21 0.25 0.26 0.26 0.21 0.18 0.30 0.31 0.27 0.23 0.24 0.34 0.29 0.26 0.27 0.35 0.44 0.37 0.42 0.35 

 0.5 0.40 0.39 0.38 0.35 0.41 0.34 0.30 0.32 0.30 0.33 0.24 0.22 0.22 0.25 0.29 0.12 0.11 0.09 0.12 0.13 

  0.8 0.08 0.07 0.08 0.05 0.10 0.04 0.04 0.03 0.05 0.02 0.01 0.00 0.02 0.01 0.02 0.00 0.00 0.00 0.00 0.01 

200 0.2 0.48 0.45 0.49 0.46 0.51 0.41 0.47 0.50 0.46 0.44 0.42 0.45 0.45 0.41 0.44 0.39 0.35 0.35 0.33 0.35 

 0.5 0.02 0.01 0.02 0.02 0.03 0.01 0.01 0.01 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

  0.8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

400 0.2 0.41 0.36 0.34 0.38 0.35 0.32 0.25 0.28 0.31 0.31 0.18 0.18 0.19 0.21 0.23 0.09 0.10 0.09 0.09 0.11 

 0.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

  0.8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

1000 0.2 0.05 0.05 0.04 0.05 0.07 0.03 0.01 0.01 0.03 0.03 0.01 0.01 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 

 0.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

  0.8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between pretest and posttest. 
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Table G2         

Differences in Power between Statistical Techniques for Parallel Growth Condition 

N E.S. )( 21XXρ  = .40 )( 21XXρ = .60 )( 21XXρ  = .80 

  Skew Skew Skew 

    -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 

40 0.2 0.04 0.01 0.03 0.02 -0.01 0.02 0.02 0.02 0.00 0.03 0.03 0.01 0.01 0.02 0.02

 0.5 0.12 0.11 0.13 0.14 0.14 0.12 0.10 0.10 0.09 0.09 0.03 0.04 0.04 0.02 0.03

  0.8 0.13 0.13 0.14 0.12 0.18 0.06 0.04 0.05 0.05 0.06 0.00 0.01 0.00 0.00 0.02

60 0.2 0.05 0.04 0.03 0.04 0.06 0.04 0.02 0.03 0.04 0.04 0.03 0.01 0.02 0.02 0.03

 0.5 0.17 0.16 0.17 0.11 0.18 0.12 0.10 0.10 0.06 0.10 0.04 0.03 0.01 0.01 0.03

  0.8 0.09 0.08 0.05 0.06 0.11 0.02 0.02 0.01 0.01 0.04 0.00 0.00 0.00 0.00 0.00

200 0.2 0.12 0.15 0.11 0.11 0.14 0.04 0.10 0.12 0.12 0.09 0.06 0.05 0.06 0.07 0.04

 0.5 0.05 0.03 0.02 0.02 0.04 0.01 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00

  0.8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

400 0.2 0.17 0.17 0.17 0.15 0.19 0.10 0.08 0.09 0.14 0.12 0.02 0.03 0.02 0.03 0.02

 0.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

  0.8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

1000 0.2 0.06 0.05 0.05 0.03 0.06 0.02 0.02 0.01 0.02 0.02 0.00 0.00 0.00 0.00 0.00

 0.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

  0.8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between pretest and posttest. 
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Table G3    

Differences in Power between Statistical Techniques Fan-Spread Growth Condition 

N E.S. )( 21XXρ  = .60 )( 21XXρ  = .80 

  Skew Skew 

    -1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1 

40 0.2 0.00 0.00 -0.01 -0.01 0.00 -0.01 0.01 -0.01 -0.01 0.00 

 0.5 0.00 -0.01 0.00 -0.01 0.00 0.00 0.02 0.00 0.04 -0.02

  0.8 0.00 0.01 0.00 -0.01 0.01 0.01 0.03 0.06 0.03 0.00 

60 0.2 -0.01 -0.01 0.00 0.00 0.01 0.00 -0.01 0.01 -0.01 0.00 

 0.5 0.00 -0.02 0.00 -0.01 -0.01 0.00 0.03 0.05 0.00 -0.01

  0.8 0.00 0.01 0.00 -0.01 0.01 0.00 0.01 0.07 0.00 -0.01

200 0.2 -0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.06 0.01 0.00 

 0.5 0.01 -0.01 0.02 -0.01 0.01 0.01 0.02 0.07 0.02 0.00 

  0.8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

400 0.2 0.02 -0.01 0.00 -0.01 0.00 0.01 0.03 0.05 0.04 -0.01

 0.5 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

  0.8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

1000 0.2 0.01 0.00 0.00 0.00 0.00 0.00 0.02 0.05 0.02 0.00 

 0.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

  0.8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between pretest and posttest. 
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APPENDIX H 

BIAS COMPARISON FOR INTERACTIONS AMONG FACTORS 

Table H1 

Bias Comparison for Mastery Learning and )( 21XXρ = .20 

N E.S. Skew 

    -1 -0.5 0 0.5 1 

40 0 .02 (.02) .01 (.01) .00 (-.01) .00 (.00) .01 (.02) 

 0.2 .23 (.22) .21 (.21) .18 (.18) .21 (.20) .18 (.17) 

 0.5 .49 (.49) .49 (.48) .53 (.53) .48 (.49) .49 (.50) 

  0.8 .78 (.78) .80 (.81) .80 (.81) .79 (.80) .79 (.78) 

60 0 -.01 (-.01) .00 (-.01) .02 (.01) -.01 (-.01) .00 (.00) 

 0.2 .18 (.18) .18 (.18) .19 (.19) .18 (.18) .21 (.21) 

 0.5 .50 (.51) .51 (.51) .51 (.52) .51 (.51) .48 (.48) 

  0.8 .78 (.79) .78 (.77) .78 (.78) .79 (.78) .79 (.79) 

200 0 .00 (.01) .00 (.00) .00 (.01) -.01 (-.01) .00 (.00) 

 0.2 .20 (.19) .20 (.20) .20 (.20) .17 (.17) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.51) .50 (.49) .51 (.51) 

  0.8 .80 (.80) .79 (.80) .80 (.80) .81 (.80) .80 (.80) 

400 0 .00 (.00) .01 (.01) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .49 (.49) .50 (.50) .50 (.50) .50 (.50) .49 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

1000 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.51) .50 (.50) 

  0.8 .80 (.81) .79 (.80) .80 (.80) .80 (.80) .80 (.80) 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between 

pretest and posttest. 
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Table H2 

Bias Comparison for Mastery Learning and )( 21XXρ = .40 

N E.S. Skew 

    -1 -0.5 0 0.5 1 

40 0 .03 (.02) .00 (.00) -.01 (-.01) .02 (.02) .02 (.02) 

 0.2 .20 (.20) .20 (.21) .20 (.20) .17 (.19) .18 (.18) 

 0.5 .50 (.50) .50 (.49) .49 (.49) .50 (.50) .52 (.51) 

  0.8 .81 (.80) .80 (.81) .79 (.79) .79 (.79) .78 (.77) 

60 0 -.02 (-.01) .00 (.00) .00 (-.01) .01 (.01) .01 (.01) 

 0.2 .21 (.20) .22 (.21) .21 (.21) .20 (.19) .21 (.20) 

 0.5 .51 (.50) .48 (.47 ) .51 (.50) .49 (.49) .51 (.51) 

  0.8 .79 (.79) .82 (.82) .82 (.81) .79 (.79) .79 (.79) 

200 0 .00 (.00 ) .01 (.01) .00 (.00 ) .00 (.00 ) .00 (.00 ) 

 0.2 .20 (.20) .20 (.20) .19 (.19) .19 (.19) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .51 (.51) .50 (.50) .50 (.50) 

  0.8 .80 (.80) .81 (.80) .81 (.81) .80 (.80) .80 (.80) 

400 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .79 (.79) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

1000 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between 

pretest and posttest. 
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Table H3 

Bias Comparison for Mastery Learning and )( 21XXρ = .60 

N E.S. Skew 

    -1 -0.5 0 0.5 1 

40 0 .00 (.00) .01 (.01) .00 (.00) -.01 (-.01) .00 (.00) 

 0.2 .20 (.20) .21 (.21) .20 (.21) .22 (.22) .20 (.21) 

 0.5 .50 (.50) .50 (.50) .51 (.51) .48 (.49) .50 (.50) 

  0.8 .79 (.79) .79 (.79) .80 (.80) .80 (.80) .79 (.79) 

60 0 -.01 (.00) -.01 (-.01) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .19 (.19) .20 (.20) .19 (.19) 

 0.5 .50 (.49) .50 (.51) .49 (.50) .50 (.50) .51 (.50) 

  0.8 .79 (.80) .80 (.80) .80 (.80) .80 (.81) .79 (.79) 

200 0 .00 (.00) .00 (.00) .00 (.00) .01 (.01) .00 (.00) 

 0.2 .19 (.19) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .51 (.51) .50 (.50) .50 (.51) .49 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.81) .80 (.80) .80 (.80) 

400 0 -.01 (-.01) -.01 (-.01) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

1000 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between 

pretest and posttest. 
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Table H4 

Bias Comparison for Mastery Learning and )( 21XXρ = .80 

N E.S. Skew 

    -1 -0.5 0 0.5 1 

40 0 .00 (.00) .01 (.01) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.21) 

 0.5 .51 (.51) .50 (.49) .51 (.50) .50 (.50) .49 (.50) 

  0.8 .80 (.80) .79 (.79) .80 (.80) .81 (.81) .79 (.79) 

60 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .49 (.49) .51 (.51) .49 (.50) .51 (.51) .50 (.50) 

  0.8 .81 (.81) .79 (.80) .80 (.80) .80 (.80) .79 (.79) 

200 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.19) .19 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .80 (.79) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

400 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

1000 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between 

pretest and posttest. 
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Table H5 

Bias Comparison for Parallel Growth and )( 21XXρ = .40 

N E.S. Skew 

    -1 -0.5 0 0.5 1 

40 0 .01 (.01) -.01 (-.02) -.01 (-.01) .01 (.01) -.01 (-.01) 

 0.2 .20 (.20) .21 (.21) .21 (.21) .18 (.18) .20 (.19) 

 0.5 .49 (.49) .51 (.51) .50 (.50) .49 (.49) .49 (.50) 

  0.8 .82 (.81) .80 (.80) .78 (.77) .80 (.80) .81 (.82) 

60 0 .03 (.03) -.01 (-.01) -.01 (-.01) .00 (-.01) .01 (.01) 

 0.2 .20 (.20) .18 (.18) .21 (.21) .22 (.22) .22 (.22) 

 0.5 .48 (.48) .48 (.48) .49 (.50) .48 (.48) .52 (.52) 

  0.8 .81 (.81) .78 (.78) .79 (.79) .78 (.78). .83 (.82) 

200 0 -.01 (.00) .01 (.01) .00 (.00) -.02 (-.02) .00 (.00) 

 0.2 .20 (.20) .21 (.20) .19 (.19) .20 (.20) .21 (.21) 

 0.5 .50 (.50) .50 (.50) .52 (.52) .48 (.48) .50 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .81 (.81) .80 (.80) 

400 0 -.01 (-.01) .00 (.00) .00 (.00) .01 (.01) -.01 (-.01) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .19 (.19) .21 (.21) 

 0.5 .50 (.50) .50 (.50) .51 (.51) .50 (.50) .50 (.50) 

  0.8 .81 (.81) .80 (.80) .79 (.79) .80 (.80) .80 (.80) 

1000 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .01 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .49 (.50) .51 (.51) .51 (.51) .50 (.50) .50 (.50) 

  0.8 .79 (.80) .80 (.80) .79 (.79) .79 (.79) .80 (.80) 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between 

pretest and posttest. 
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Table H6 

Bias Comparison for Parallel Growth and )( 21XXρ = .60 

N E.S. Skew 

    -1 -0.5 0 0.5 1 

40 0 .00 (.00) .01 (.01) .00 (.00) -.01 (-.01) .00 (.00) 

 0.2 .21 (.21) .19 (.18) .20 (.20) .22 (.22) .20 (.21) 

 0.5 .50 (.50) .49 (.49) .49 (.49) .52 (.52) .50 (.49) 

  0.8 .81 (.81) .81 (.81) .79 (.80) .80 (.80) .80 (.81) 

60 0 .00 (.00) .01 (.00) .00 (.00) -.01 (-.01) .01 (.00) 

 0.2 .20 (.20) .19 (.19) .21 (.21) .19 (.19) .19 (.19) 

 0.5 .49 (.49) .50 (.50) .48 (.49) .49 (.49) .48 (.48) 

  0.8 .81 (.81) .81 (.81) .81 (.81) .82 (.81) .80 (.80) 

200 0 .00 (.00) .00 (.00) .00 (.00) -.01 (-.01) -.01 (-.01) 

 0.2 .18 (.18) .20 (.20) .19 (.19) .20 (.20) .21 (.21) 

 0.5 .50 (.50) .50 (.50) .51 (.51) .50 (.50) .49 (.49) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

400 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .51 (.51) 

  0.8 .81 (.81) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

1000 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between 

pretest and posttest. 
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Table H7 

Bias Comparison for Parallel Growth and )( 21XXρ = .80 

N E.S. Skew 

    -1 -0.5 0 0.5 1 

40 0 .00 (.00) .01 (.01) .01 (.01) .00 (.01) .00 (.00) 

 0.2 .20 (.20) .21 (.21) .20 (.20) .20 (.20) .21 (.21) 

 0.5 .49 (.49) .50 (.50) .50 (.50) .50 (.50) .51 (.51) 

  0.8 .81 (.80) .80 (.80) .80 (.80) .80 (.80) .81 (.80) 

60 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .21 (.21) .20 (.20) .20 (.20) .20 (.20) .19 (.19) 

 0.5 .50 (.50) .51 (.50) .51 (.51) .49 (.49) .50 (.49) 

  0.8 .80 (.80) .79 (.79) .80 (.80) .80 (.80) .80 (.80) 

200 0 .00 (.00) -.01 (-.01) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

400 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

1000 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between 

pretest and posttest. 
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Table H8 

Bias Comparison for Fan-Spread Growth and )( 21XXρ = .60 

N E.S. Skew 

    -1 -0.5 0 0.5 1 

40 0 -.03 (-.03) .01 (.01) .01 (.01) -.02 (-.02) .02 (.02) 

 0.2 .17 (.17) .18 (.18) .18 (.18) .19 (.19) .21 (.21) 

 0.5 .49 (.49) .49 (.49) .48 (.48) .51 (.51) .51 (.51) 

  0.8 .79 (.79) .81 (.81) .80 (.80) .82 (.82) .78 (.78) 

60 0 .01 (.01) .00 (.00) .01 (.00) .01 (.01) .00 (.00) 

 0.2 .20 (.20) .21 (.21) .18 (.18) .21 (.21) .22 (.22) 

 0.5 .50 (.51) .49 (.49) .50 (.50) .50 (.51) .49 (.49) 

  0.8 .81 (.81) .80 (.79) .82 (.82) .79 (.79) .80 (.80) 

200 0 -.02 (-.02) .00 (.00) .00 (.00) .01 (.01) .01 (.01) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .19 (.19) .19 (.19) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .82 (.82) .80 (.80) .81 (.81) .81 (.81) .79 (.79) 

400 0 .02 (.02) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .21 (.21) .20 (.20) .19 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .49 (.49) .49 (.49) 

  0.8 .79 (.80) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

1000 0 .01 (.01) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .21 (.21) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .51 (.51) .50 (.50) .51 (.50) .50 (.50) .50 (.50) 

  0.8 .81 (.81) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between 

pretest and posttest. 
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Table H9 

Bias Comparison for Fan-Spread Growth and )( 21XXρ = .80 

N E.S. Skew 

    -1 -0.5 0 0.5 1 

40 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .21 (.21) 

 0.5 .52 (.52) .49 (.50) .50 (.50) .50 (.50) .51 (.51) 

  0.8 .81 (.81) .80 (.79) .80 (.80) .80 (.80) .83 (.82) 

60 0 .01 (.01) .01 (.01) .00 (.00) .01 (.01) .00 (.00) 

 0.2 .21 (.21) .20 (.20) .19 (.20) .20 (.20) .20 (.20) 

 0.5 .51 (.51) .51 (.51) .50 (.50) .50 (.50) .51 (.51) 

  0.8 .81 (.81) .80 (.79) .80 (.79) .81 (.80) .81 (.81) 

200 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .21 (.21) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .80 (.80) .79 (.79) 

400 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

1000 0 .00 (.00) .00 (.00) .00 (.00) .00 (.00) .00 (.00) 

 0.2 .20 (.20) .20 (.20) .20 (.20) .20 (.20) .20 (.20) 

 0.5 .50 (.50) .50 (.50) .50 (.50) .50 (.50) .50 (.50) 

  0.8 .80 (.80) .80 (.80) .80 (.80) .80 (.80) .80 (.80) 

Note. E.S. = average treatment effect; )( 21XXρ = specified population correlation between 

pretest and posttest. 
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