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did a good job in yielding unbiased, valid, and precise results. Only in a select number of study
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CONVERGENT VALIDITY OF VARIABLES RESIDUALIZED BY A SINGLE
COVARIATE: THE ROLE OF CORRELATED ERROR IN
POPULATIONS AND SAMPLES

Controlling variance is a critical aspect of quantitative research design and analysis. One
of the most powerful forms of control is the process of random assignment of individuals to
groups. However, in much behavioral science research, random assignment is not possible, does
not completely control for between group differences, and may not control for nuisance
variables. Researchers may, therefore, employ statistical methods to control for variance in
dependent and/or independent variables.

It is not uncommon for researchers to invoke statistical procedures that attempt to
statistically control for variance in a dependent variable. Analysis of covariance (ANCOVA), for
example, is one such procedure that may be employed to partial out variance in the dependent
variable that is attributable to covariates (e.g., variables that may explain group differences prior
to intervention) before examining the effect of the intervention or treatment. A researcher may
not be able to randomly assign treatment groups and, therefore, uses a pretest of the dependent
variable as a covariate in the analysis. These covariance correction analyses have the generally
common goal of refining the analysis to evaluate intervention effects or relationships after
having statistically controlled for other potential influences.

It is also not uncommon for researchers to invoke statistical procedures that attempt to
statistically control for variance in an independent variable. Hierarchical multiple regression, for
example, is one such procedure that may be employed to remove variance from one independent
variable that is shared with others in a set. A researcher may observe that a sample has dissimilar

characteristics (i.e., demographics) that are extraneous to the relations under study. Including



such characteristics as independent variables has the goal of isolating the effect of the
independent variable of interest after having statistically controlled for influences associated with
the extraneous variables.

What is less understood is the nature of variables after such controls have been employed
(Lynam, Hoyle, & Newman, 2006; Thompson, 1992; Tracz, Nelson, Newman, & Beltran, 2005).
To be clear, the dependent variable used in covariance-corrected analyses such as ANCOVA has
first been residualized by the covariate (e.g., pretest), which removes all variance explainable by
the covariate and leaves all remaining (residual) variance to be predicted by group membership
or other variables. As described by Tracz et al. (2005), “This residualized or adjusted dependent
variable is no longer the same as the original dependent variable” (p. 17). Similarly, partialled
independent variables used in analyses such as hierarchical multiple regression only retain
variance that is unique and not in common with others in a set. As described by Lynam et al.
(2006), "The crux of the problem identified by almost all critics is that it is difficult to know
what construct an independent variable represents once the variance shared with other

independent variables is removed" (p. 329).

Validity of a Variable Residualized by a Single Covariate
In the case of a single covariate, the validity of a residualized variable (pz;) can be
assessed by computing a part correlation [pz(y x)], where the criterion variable (Z) is correlated
to the unresidualized variable (Y) after removing the effects of the covariate (X) from Y as

denoted by Williams and Zimmerman (1982):

_ Pyz — PxyPxz (1)



Williams and Zimmerman's formula assumes population data with infallible measures and is

therefore practically limited to true score correlations or correlations between observed scores

with the statistical assumption of error-free data. Nonetheless, applying their formula across a

wide range of correlations provides fundamental insights into understanding the validity of a

variable that has been residualized by a single covariate (see Figure 1).
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As illustrated in Figure 1, the validity of a residualized variable is not substantially
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different than the validity of the unresidualized variable given small amounts of residualization

(pryy= -10). However, with higher amounts of residualization, the validity of the residualized

variable is impacted by the amount of multicollinearity between the covariate and criterion

variable such that the impact of the covariate-criterion relationship increases as the magnitude of



the XY relationship increases. While higher degrees of multicollearity result in lower
residualized coefficients, residualized validity coefficients are not always smaller than
unresidualized validity coefficients. When a covariate serves to suppress irrelevant variance in
the unresidualized variable, the validity of the residualized variable will be greater than the

validity of the unresidualized variable.

Contemporary Validity Studies

Although the reporting of residualized validity coefficients is not commonplace in
contemporary behavioral science literature, at least two studies have recently considered the
validity of residualized variables. While both studies took a nomological approach to
establishing the validity of a variable that had been residualized by a single covariate, they
differed in their focus and analytic approach. Nimon and Henson (2010) considered the validity
of a dependent variable that had been residualized by a procedure such as ANCOVA and
compared unresidualized validity coefficients to residualized validity coefficients. Lynam et al.
(2006) considered the validity of several independent variables that had been residualized

through multiple regression and compared unstandardized regression coefficients.

Nimon and Henson (2010)

Using an established nomological network for the Beck's Depression Inventory-II (BDI-
IT; Beck, 1996) and the pretest-posttest design as a general framework, Nimon and Henson
(2010) examined the validity of BDI-II posttest scores (Y) before and after they were regressed
by BDI pretest scores (X), for the case rxy =.79. They considered scores from four scales as
criterion variables (Z): (a) Beck Anxiety Inventory (Beck, 1990), (b) Center for Epidemiologic

Studies Depression Scale (Radloff, 1977), (c) Solitude subscale from Beck's Sociotropy-



Autonomy Scale (Clark, Steer, Beck, & Ross, 1995), and (d) Trait scale of the State Trait
Anxiety Inventory (Spielberger, 1977). The dependent-criterion variable correlations (7yz[q,4)
reported were .65, .77, .75, and .37 respectively.

Residualized validity coefficients were computed via Eq. 1. The resulting residualized
validity coefficients (rgz[1,47) reported were .33, .45, .35, and .17 respectively. Comparing
Tyz[1,4] tO Trz[1,4]> the authors concluded that the residualized dependent variable was measuring
a different construct than the unresidualized dependent variable.

Two comments regarding Nimon and Henson's (2010) study are pertinent to the present
study. First, the degree of overlap between the covariate and four criterion variables
approximately mirrored the relationship between the dependent and criterion variables. Second,
the analyses were based on the statistical assumption that the variables were measured without
error. However, given prior reliabilities reported (e.g., Beck, 1996; Beck, 1990; Radloft, 1977,

Spielberger, 1977; Clark et al., 1995), such an assumption seems untenable.

Lynam, Hoyle, and Newman (2006)

Using agression and psychopathy measures, Lynam et al. (2006) examined the relations
(i.e., slopes) of three pairs of subscale scores, before and after partialling a relevant subscale, to
fourteen variables comprising a theoretical nomological network. With each of the three
measures containing two subscales, each subscale served to residualize the other subscale within
a measure. Given that the context of the analysis was multiple regression, each subscale also
served to residualize the nomological variable with which the residualized subscale was being

related. Therefore, instead of comparing zero-order and part correlations as in Nimon and



Henson (2010), Lynam et al. compared zero-order and partial relations to determine if raw and
residualized independent variables were measuring different constructs.

Unstandardized regression coefficients were used to compare the validity of
unresidualized and residualized measures. Coefficients for unresidualized measures were taken
from regression analyses in which the given subscale was the only predictor. Coefficients for
residualized measures were taken from regression analyses in which both subscales were entered
as predictors. Statistically significant changes between the unresidualized and residualized
coefficients were determined by examining the differences as a function of the standard error for
the third variable effect (see MacKinnon, Krull, & Lockwood, 2000). For the first measure
where the correlation between scales score was .80, 60.7% (17) of the 28 coefficients underwent
statistically significant change following partialling. Of the 17, 10 (58.8%) represented
significant decreases, 3 (17.7%) represented significant increases, and 4 (23.5%) represented
changes in direction. For the second and third measures where the correlation between scale
scores was .50, 71% of the 56 coefficients underwent significant change following partialling. Of
the 40, 25 (62.5%) represented significant decreases, 10 (25%) represented significant increases,
and 5 (12.5%) represented changes in direction.

Differences between the nomological networks of the unresidualized and residualized
scores were assessed by computing similarity coefficients. Similarity coefficients were
operationalized as intraclass correlation coefficients that indexed the similarity between groups
of unstandardized regression coefficients. Higher degrees of similarity were reported for within-
measure unresidualized subscale scores (Intra Class Correlations (ICCs) = .98, .94, .51) than

within-measure residualized subscale scores (ICCs = .02, .53, -.46).



Based on statistically significant differences in pairs of unstandardized regression
coefficients and low ICCs for within-measure residualized subscale scores, the authors
concluded the unresidualized and residualized independent variables were measuring different
constructs. They further indicated the three scales provided likely candidates for high levels of
discrepancy given that within measure correlations ranged between .5 and .8 and coefficient
alphas ranged between .47 and .89.

Three comments regarding Lynam's et al. (2006) study are pertinent to the present study.
First, the process of using unstandardized regression coefficients to examine the construct
validity of residualized variables warrants caution. Given that unstandardized regression
coefficients are based on residualized dependent and residualized independent variables, using
partial relations to validate a residualized independent variable seems to introduce additional
interpretation issues given the construct of a residualized dependent variable is just as
questionable as the construct of a residualized independent variable. Second, although the
authors considered the correlation between the independent variable (X1) and its covariate (X2)
in explaining differences between zero-order and partial relations, it appears they neglected to
consider other factors including the relationship between the covariate and dependent variable
and the relationship between the dependent variable and the independent variable. Figure 2
represents standardized regression coefficients for a number of conditions consistent with
Lynam's et al. study (i.e., y1x2=.50, .80). The figure demonstrates that deviances between zero-
order and partial relations are impacted by more than the relationship between the independent
variable and its covariate. One can also see that by mapping Lynam's et al. findings to Figure 2
the study included conditions where the covariate served to suppress irrelevant variance in the

independent variable being residualized. Third, although the authors considered the reliability of



the independent variables in explaining differences between zero-order and partial relations, the
estimated unresidualized and residualized relations were based on the statistical assumption that

the data were error-free.
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Figure 2. Bx; when Y is regressed on X1 and X2 as a function of 11 x2, Tx2.z, and 1y z.
Decimals for ry, 7, values are omitted.
Conclusions from Contemporary Validity Studies

The validity studies reviewed inform the present study in several ways. First, they
identify a void in understanding how error impacts the validity of residualized variables.
Quantifying the error in sample-based unresidualized validity coefficients (i.e., zero-order
correlations) across a number of conditions has recently been examined by Zimmerman (2007).
However, extensions to residualized validity coefficients have yet to be considered;

consequently, this is the focus of the present study. Second, the present study considers the



Williams and Zimmerman (1982) formula the appropriate foundation for computing the validity
of a dependent or independent variable that has been residualized by a single covariate. Although
Lynam et al. (2006) employed a partial relations approach using unstandardized regression
coefficients, support for correlating residualized independent variables to nonresidualized
nomological variables can be found in Winne (1983). Not only does the latter approach
eliminate the confounding factor of a residualized nomological variable, it also yields correlation
coefficients that are more readily interpretable than unstandardized regression coefficients.
Third, the studies reviewed provide insight into the extent of residualization and the
multicollinearity between the criterion and nomological variable that should be considered in the
present study. The Lynam et al. study indicates a need for a range of multicollinearity that is

broader than simply mirroring the level of residualization reported in Nimon and Henson (2010).

Sources of Error in Residualized Validity Coefficients

There are several potential sources of error that can bias residualized validity coefficients.
In population data, error is introduced when the assumptions of perfect reliability and
experimental independence are not met. In general, unreliability of data stems from the limited
psychometric capacity of inventories (e.g., Wechsler Adjust Intelligence Scale) to perfectly
assess underlying constructs (e.g., intelligence). Experimental dependence results when common
factor or systemic error occurs in a repeated measures design. For example, when individuals are
given parallel forms of a measure that has a common response bias, the assumption of
experimental independence is violated and correlation between errors results. In the case of
population data, the bias associated with measurement and correlated error in residualized
validity coefficients can be corrected by applying Zimmerman and Williams' (1997) general

correction for attenuation at the population level to each observed-score correlation in Eq. 1:



Pxy p(ExEy)y/(1 — pxx) (1 — pyy- (2)

v Pxx’Pyy’ v Pxx’Pyy’

Zimmerman and Williams's formula is based on the expected-value true-score theory without the

p(TxTy) =

assumption of experimental independence (Winne & Belfry, 1982). Winne and Belfry
demonstrated that when the term for correlated error scores is subtracted from the classical
correction for attenuation, Zimmerman and Williams's formula result yields lower estimates
when error scores are positively correlated, and higher estimates when error scores are negatively
correlated, as compared to estimates from Spearman’s (1904) formula. Figure 3 demonstrates the
magnitude of the term for correlated error scores across a range of correlated error and reliability
parameters. The role correlated error plays in attenuating or disattenuating a correlation
coefficient increases as reliability decreases. Note that when reliability is .5, the term for

correlated error scores equals the magnitude of the correlated error.
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Figure 3. Overcorrection in Spearman's (1904) correlation as a function of correlated error
p(ExEy) and reliability (pxx = pyy)-

While applying Eq. 2 to the correlations in Eq. 1 accounts for error in population-based

residualized variable validity coefficients, it does not consider all sources of error in samples.
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Sample-based residualized variable validity estimates have two additional sources of error. In
addition to sample error associated with each of the correlations in Eq. 1 (cf. Wang &
Thompson, 2007), spurious correlations between true and error scores introduce error into
sample-based residualized validity coefficients. The error imposed by correlations between true
and error scores is unique to samples given that classical test theory regards an individual's
observed score as the sum of a true and error score. Recently, Zimmerman (2007) adapted the

general correction for attenuation at the population level formula (Eq. 2) for sample data:

, _ (rXY - rEXEy\/l - 7"XX'\/1 “Tvyy TrxEyV 1—ryx _ TryExy 1- TYY’) €)
TxTy —
X VIxx'Tyy’ VTxx' Tyy’

Eq. 3 not only corrects for unique and common measurement error, it also corrects for

correlations between true and error scores. Applying Eq. 3 to the correlations in Eq. 1 provides a
theoretical model for sample-based residualized validity coefficients. Although such a derivation
of Eq. 1 may not be practical if only observed scores are available, it clarifies the role error plays
in residualized validity coefficients. By means of simulations, all the quantities in such a
derivation can be given explicit values, and the resulting effect of error can be observed across
multiple study conditions. Such simulations build on the work of Zimmerman (2007) who

investigated the effect of correlated error in bivariate sample correlations.

Effect of Correlated Error in Bivariate Sample Correlations
Using Monte Carlo methods, Zimmerman (2007) examined properties of the Spearman
(1904) correlation formula under conditions in which correlations between error scores exist as a
population parameter as well as when correlated errors occur by chance in random samples.

Zimmerman also investigated the properties of the sample form of the correction for attenuation

11



formula that models correlated errors (Eq. 3) under simulated correlated error conditions and
compared the results to observed score correlations and Spearman correlations.

Zimmerman found that while increasing sample size reduces the values of correlations
between errors scores that arise randomly in samples, increasing sample size does not reduce the
effect of correlated error at the population level. Confirming the relationships depicted in Figure
3, Zimmerman found that the effect of correlated error on Spearman's (1904) correlation as
applied to sample data was close to zero when p(ExEy) was equal to zero and became larger as
p(ExEy) increased and pxx decreased independent of sample size. He also demonstrated the bias
and precision of estimating the effect of correlated error on Spearman's correlation using the
right-hand term of Eq. 2 across a number of study conditions (pr,t, = .60; pxx = .75, .95;
PeyE,= 0, .10, .20; n =25, 100, 400). His findings indicated the estimated discrepancy becomes
more accurate and precise as sample size increases. With a sample size of 400, there was
virtually no difference between the simulated and predicted results for the conditions reported.
When considering variability, his study showed the effect of correlated error was less dependent
on p(ExEy) and pyy and more dependent on sample size. Consistent with the distribution of
correlations among error score components, the standard deviations of the effect were close to
1/+/n — 1 for the study conditions reported.

Zimmerman simulated a number of study conditions (pryr, = .70, .90; pxx=.70, .95;
PeyE,= 0, .10, .20; n =25, 50) to investigate the properties of the sample form of the correction
for attenuation formula that models correlated errors (Eq. 3). Means and standard deviations of
sample correlations between observed scores were computed and compared to correlations based
on Spearman's (1904) formula and Eq. 3. Across the study conditions reported, both corrected

correlations came closer to true score population correlations than observed score correlations.

12



Within the limits of rounding error, the two corrected correlations performed comparably when
being compared to true score correlations for the condition of uncorrelated error. However,
correlations based on Eq. 3 had less variability than Spearman correlations. In the case of
correlated error, correlations based on Eq. 3 had less bias and were more precise than

correlations based on Spearman's formula.

Purpose

This study extends research concerning the validity of residualized variables to determine
which correction formulas provide the most precise and least biased estimates, in the presence of
correlated error in population and sample data. Such information is critical if researchers are to
parsimoniously and accurately assess the validity of residualized variables. Therefore, this study
investigated the bias and precision of sample-based residualized variable validity estimates (rrz)
under conditions where correlated errors exist in the population as well as by chance in random
samples. The estimates were compared to true score population values (pr,,) to identify cases
in which rrz estimates lead to incorrect conclusions regarding the true magnitude of the
relationship between the criterion variable (Z) and the residualized variable (Y — ¥).
Recognizing the value of assessing the convergent validity of a residualized variable, the study
focused on conditions in which validity values based on population true scores were
approximately between .3 and .9.

This study considers four rrz estimates. The first is an uncorrected estimate based on
Williams and Zimmerman's formula (1982) as applied to sample data:

Tyz — TxyTxz Co

TrRz:co =
1- rxzy)
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As noted by Williams and Zimmerman, the formula is a simple part correlation [i.e., 77y x)],
where Z is correlated to Y after removing the effects of X from Y.

The second applies Spearman's (1904) correction for attenuation based on reliability
coefficients formula to each observed-score correlation in Eq. CO. Assuming independence of
errors, Spearman's formula corrects for uncorrelated measurement error by dividing the observed
score coefficient by the square root of the product of reliabilities (Wetcher-Hendricks, 2006).
Spearman's correction as applied to 155.co takes the form:

TxxTyz — TxyTxz

TrRz:c1 = Cl1
' 2
V7272 Txx'\ vy Txx —Txy

The third applies Zimmerman and Williams' (1997) general correction formula for

attenuation at the population level to each observed-score correlation in Eq. CO. In contrast to
Spearman's (1904) formula, Zimmerman and Williams’ formula does not assume independence
of errors. In addition to dividing the observed score coefficient by the square root of the product
of reliabilities, Zimmerman and Williams' formula corrects for correlated error. Zimmerman
(2007) indicated the formula cannot be applied to sample data because it does not correct for
correlations among true and error score components that can occur in sample data. It is included
in the present study based on prior work (Wetcher-Hendricks, 2006) that adapted Zimmerman
and Williams' formula to estimate corrected part correlations on sample data. Zimmerman and

Williams' correction for attenuation as applied to rgz.cotakes the form:

Txx' (Tyz _rEyEZ\/l - TYY’\/l —127')
_(TXY_TEXEy\/l - TXX'\/]- — Tyy")
* (xz —TEXEZ\/l - rXX'\/l — Tzz')

VTZZ'rXX'\/rYYITXX' = (rxy — TEXEy\/l - TXXI\/l — Tyy')?

C2

TRz:c2 =
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The fourth applies Zimmerman's (2007) general correction for attenuation at the sample
level to each observed-score correlation in Eq. CO. In addition to correcting for measurement
error without assuming independence of errors, the formula corrects for spurious correlations
among true and error score components that can occur in sample data. Zimmerman's correction

for attenuation as applied to rg.cotakes the form:

Tvz ~— TeEyEz\ €yy'Vezz'  Trye,Neyy'  TrzEeVEzZ'

VTyy'Tzz Vivy' 12z
_(TXY - rEXEy\/%W _ TTXEYW _ TTYEXW)
VTxxTyy' Vixx: vy
. (rXZ—TEXEZW@ _ TTXEZW _ TTZEX@) C3
Tagics = VIxxTzz' Vixx' V127
1— (rXY - TEXEYWW _ 7”TXJ;"Y\/% _ rTyEXW)Z
VTxxTyy' Vixx: Vivy'

Zimmerman (2007) noted that equations based on true and error scores could not be used
for practical purpose since only observed scores are available. Whereas true score equivalents
and error scores are usually unknown without the aid of structural equation modeling on item
level data, studies conducted by Wetcher-Hendricks (2006) are notable exceptions. Wetcher-
Hendricks used historical data (weather records and baseball statistics) as true score equivalents
and derived error scores by subtracting true scores from sample data. Her study demonstrated
that part correlations based on the equivalent of formula C2 were closer to true score part
correlations when compared to part correlations based on formulas CO and C1. Noting that
covariances may also exist between true scores and error scores, she identified the need for
future research to expand formula C2 to make it applicable to situations in which covariances
exist between error and true scores. Formula C3 is such a derivation. Formula C3 is therefore

included in the current study to examine the precision and variability of residualized variable

15



validity estimates after they have been corrected for measurement error, correlations between

errors, and spurious correlations among true and error score components.

Methods
A program was written in R to generate simulated data across a set of study conditions to
examine the bias and precision of a set of residualized variable validity estimates. True score
population validity coefficients were compared to uncorrected estimates based on formula CO in
addition to the corrected estimates based on formulas C1, C2, and C3. Bias and precision were

compared by study condition (see Table 1).

Table 1
Study Conditions

PTRT; Correlated Error Condition Sample
PTrTz: PTyTy PTyT, PTyT, Reliability” Error’ PExEy PEyxE; PEyEy n
27 .8 .8 .8 .6 .1 Yes No No 25
.53 .8 .6 8 i 3 No Yes No 100
.93 .8 3 .8 .8 .6 No No Yes 400
40 .6 .8 .8 .9 Yes Yes Yes
.55 .6 .6 .8
78 .6 3 8
.59 3 .8 .8
.65 3 .6 8
74 3 3 8
Note. *pyx = Pyy’ = Pzz"- PrxEy = PExE; = PEyEy-

Residualized Variable Validity Coefficients

Consistent with the aim of the study, the study simulated conditions of pr.r, range
between .27 and .93. Nine true score residualized variable validity coefficients were simulated
based on a moderately high level of convergent validity between the unresidualized and criterion

variable (pr,,level of .8), three levels of covariate adjustment (pr,t,levels of .3, .6, and .3),

16



and three levels of multicollinearity between the covariate and criterion variables (pr,r,levels of
.3, .6, and .8). Correlations of .3, .6, and .8 approximate an equidistance of shared variance with
the unresidualized variable (9%, 36%, 64%) and represent a broad range of covariate adjustment

and multicollinearity.

Reliability

Four levels of score reliability were modeled (.9, .8, .7, .6). A reliability value of .90 is
considered a cutoff value when scores are used for important clinical and/or educational
decisions; .8 is considered a minimally accepted value for general research (Henson, 2001).
Reliabilities of .7 and .6 were also considered given the former is often considered a lower bound
of acceptable reliability (Henson, 2001) and the latter is not unusual in early research
(Zimmerman, 2007). For the purpose of parsimony, the reliability of the unresidualized,

covariate, and criterion variables were modeled as equal.

Correlated Error and Error Condition

Three levels of correlated errors were modeled (.1, .3, .6). The three levels are
respectively considered weak, moderate, and strong levels of correlated error (Herting, 2002).
Four correlated error conditions were modeled: (a) correlated error between covariate (X) and
unresidualized variable (Y) only, (b) correlated error between covariate (X) and criterion
variable (Z) only, (c) correlated error between unresidualized (Y) and criterion variable (Z) only,

(d) correlated error between X and Y, X and Z, and Y and Z.

Sample Size

Three levels of sample size were simulated (ns = 25, 100, 400). The levels were selected

17



for three reasons. First, the three levels are consistent with Zimmerman (2007) and provide the
potential for comparisons to be made between the results of the present study and Zimmerman's
work. Second, the sample sizes represent a broad range of theoretical distributions of sample
correlation coefficients among error score components. Based on sampling theory (Fisher, 1915)
and Zimmerman's (2007) simulation results, the distribution of sample correlation coefficients

among €rror SCore Components (€.8., Mgy 5y, TTyEyr TTyEyr TTxEyr TTyEx)> 1S €Xpected to yield

approximate standard deviations of 1/+/n — 1. For this study, it is anticipated that the
correlations among error components will yield standard deviations of ~.20, ~.10, ~.05 as a
function of increasing sample size. Third, the median sample size of 100 is consistent with the
median subject-to-variable ratio in social science research as reported by Kieffer, Reese, and

Thompson (2001).

Simulation

The fully nested combination of the study's conditions is 1,296 (i.e., 9 x4x3 x4 x 3 or
432 [9 x 4 x 3 x 4] populations x 3) Code was written in R (see appendix) to generate the implied
covariance matrix for each of the study's conditions. Values for the covariance matrix were based
on study parameters as indicated in Table 2. In order to not confound the magnitude of error
variance with the magnitude of observed score variance, the study was designed such that the
variance of population observed scores was 1.0 (cf. Corder-Bolz, 1978). Consistent with classical
test theory, correlations between population true and error scores were designed to be 0 (cf.

Croker & Algina, 1986).
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Table 2

Population Covariance Matrix

Tx Ty T, Ex Ey Ez

Tx pxx PTyTyOTxOTy PTxT,O0T4OT, O 0 0

Ty P1yTyOT4OTy PyY PTyT,OTyOT; O 0 0

Tz pPr1yT,07T40T, PTyT,O0TyOT, Pz2 0 0 0

Ex 0 0 0 1—- pxx PExEyOExOEy PExEzOExOE;
Ey 0 0 0 PExEyOExOEy 1 — Pyy PEyE;OEyOE;
E; O 0 0 PExE;OExOE; PEyE;OEyOE; 11— Pzz

The covariance matrix was passed to the function mvrnorm (Venables & Ripley, 2000)
to generate population data. Resulting true and error scores were added to form population
observed scores. To minimize the standard error of simulation, a population the size of 5,000 x n
(i.e., 25, 100, 400) was generated for each of the study's conditions (cf. Wang & Thompson,
2007). The resulting dataset was randomly divided into 5,000 samples in preparation for

analyses.

Analyses

Across the 1,296 conditions, validity estimates based on formulas C0O, C1, C2, and C3
were computed for each of the samples. Bias was computed by subtracting the true score
population value pp,r,from the sample estimate. Positive discrepancies reflect validity estimates
that overestimate population parameters, while negative discrepancies reflect sample values that

underestimate population parameters (cf. Wang & Thompson, 2007). Precision was determined
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by calculating the Standard Deviation (SD) of the four validity estimates across the 1,296 study
conditions.

An analysis of variance (ANOVA) was used to provide information regarding the effect
of each condition on the mean bias and mean precision of the validity estimates. The independent
variables included: (a) level of covariate adjustment, (b) level of multicollinearity between the
covariate and criterion variable, (c) level of reliability, (d) level of correlated error, (e) correlated
error conditions, and (f) level of sample size. Estimated marginal means (EMMs) and n2 were
computed using main and interaction effects in the simulation design to predict bias and

precision in the estimates.

Results
Analyses of the 432 (9 x 4 x 3 x 4) populations revealed the populations yielded the
desirable population parameters. Analyses of the correlations between true scores and error

scores (€.2., T'ryey» TTyEys TryE,) TeVealed these so-called nuisance correlations were normally

distributed with a M of 0 and a SD of 1/v/n — 1, as expected (cf. Charles, 2005; Zimmerman,
2007). Analyses of the differences between the rz5.-3 validity estimates and the corresponding
Trpr, values had a M and SD of 0, as expected (cf. Zimmerman). As authors (e.g., Nimon,
Zientek, & Henson, 2012; Charles, 2005; Zimmerman, 2007) have noted that Spearman’s
correction for attenuation sometimes produces values greater than 1.00, the number of values for
the four validity estimates were also examined. In the case of 135.coand 15.¢c3, €ach of the 1,296
study conditions yielded the full number of estimates (i.e., 5,000). However, in the case of
Trz.c1and Tzz.c2, @ number of impossible values (i.e., NAs) were generated when the correction

for attenuation for ryy produced a value greater than 1.00. The NA values resulted in unequal
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cell sizes across the study conditions and an in-balanced design, as some study conditions
resulted in no validity estimates.

For 1r54.c2, the study conditions that appeared to affect the number of NA values were 7,
PrgT,- reliability, and related interactions (see Table 3). The EMMs for the main effects showed
that across the study conditions, the greatest number of NA values involved conditions where:

n =25, reliability = .60, and pr,r, = .80 (see Table 4). In analyzing the main effects within the
context of the related interactions, the EMMs for the n x pr,r, X reliability interaction produced
findings consistent with the main effects. The interaction EMMs also showed that when n = 25
and pryr, = .80, the range of number of NA values dropped nearly in half when reliability
increased from .60 to .70, and even further when reliability increased to .80. The remaining
EMMs revealed little to no occurrence of NA values (see Figure 4).

For 1g5.c1, the study conditions that appeared to affect the number of NA values were
reliability, pr.r,, correlated error location (CEloc), level of correlated error (CElev), n, and
related interactions (see Table 3). The EMMSs for the main effects show that across the study
conditions, the greatest number of NA values involved conditions where: reliability = .60, pr,r,
= .80, correlated error existed between Ex and Ey (either solely or when all error components
were similarly correlated), CElev = .60, and n = 25 (see Table 4). However, these main effects
should be interpreted within the context of related interaction effects (see Figures 5a, 5b, 5c¢).
According to the interaction effects, the largest number of NA values occurred in study
conditions where reliability = .60, pr,t, = .80, correlated error existed between Ey and Ey,
CElev = .60, and n = 400. These study conditions resulted in no valid estimates being provided

for rzz.c1 (see Figure 5¢). Therefore, in order to provide a balanced design, analyses on the bias
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and precision of the four validity estimates were modeled omitting the study condition where
CElev = .60, resulting in a fully crossed design of 864 study conditions (9 x 4 x 2 x 4 x 3).
Table 3

Statistics for Number of Trz.c1 and 1gz.co2 NA Values within the 1296 Study Conditions

Statistic/source TRz:C1 TRz.C2

Descriptive Statistics
Median 0.00 0.00
M 298.85 28.79
SD 850.03 96.14
Skewness 3.79 4.42
Kurtosis 14.68 20.35

i° for study condition factors
PTRTZ 10.73% 9.84%
Reliability (rel) 10.98% 8.09%
CE Level (CElev) 6.10% 0.28%
CE Location (CEloc) 7.60% 0.57%
n 1.46% 17.01%
prrTz X rel 7.64% 7.70%
prrrz X CElev 4.44% 0.28%
rel x CElev 4.87% 0.22%
prrrz X CEloc 6.42% 0.52%
rel x CEloc 6.78% 0.38%
CElev x CEloc 6.09% 0.28%
PTRTZ X 71 0.46% 18.30%
rel x n 0.60% 14.88%
CElev x n 0.03% 0.52%
CEloc x n 0.06% 1.03%
prr1z X rel x CElev 3.79% 0.20%
prr1z X rel x CEloc 4.63% 0.29%
prr1z X CElev x CEloc 4.44% 0.30%
rel x CElev x CEloc 4.86% 0.23%
prrTz XTelx n 0.21% 13.74%

(table continues)

prr1z X CElev x n 0.26% 0.50%
rel x CElev x n 0.25% 0.41%
prrrz X CEloc x n 0.10% 0.90%
rel x CEloc x n 0.08% 0.65%
CElev x CEloc x n 0.03% 0.53%
prr1z X rel x CElev x CEloc 3.80% 0.21%
prrrz X rel x CElev x n 1.08% 0.36%
prr1z X rel x CEloc x n 0.61% 0.47%
prrrz X CElev x CEloc x n 0.27% 0.54%
rel x CElev x CEloc x n 0.25% 0.41%
prr1z X rel x CElev x CEloc x n 1.08% 0.37%

Note. Because there is only one case (i.e., the number of estimates) per cell, the factorial analysis of variance
degrees of freedom error is 0, and the n’ values sum to 100%, within rounding error.
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Table 4

Estimated Marginal Means for Main Effects and Theoretical Distribution (TD) of r

NAs* Bias® Precision”
Factor/level  1pz.c1 TRz:co TRz:co _"RZ:C1 TRz:co "Rz:c1  TRz:c2  TRz:cg 1D
PTRTZ
27 682.57 70.10 0.02 -0.01 0.08 0.28 0.18 0.07
.40 188.25 13.72 -0.03 -0.01 0.08 0.18 0.13 0.06
.53 680.63 72.08 -0.12  0.05 0.09 0.33 0.19 0.07
.55 188.36 13.71 -0.10  0.01 0.08 0.19 0.14 0.07
.59 27.34 1.95 -0.11 0.00 0.07 0.14 0.10 0.06
.65 26.35 1.80 -0.13 0.01 0.08 0.13 0.11 0.06
74 27.25 1.65 -0.17  0.02 0.08 0.13 0.10 0.06
78 188.32 13.74 -0.20  0.05 0.08 0.22 0.12 0.05
.93 680.61 70.39 -0.33 0.16 0.07 0.49 0.17 0.04
rel
.60 724.10 71.58 -0.20  0.06 0.09 043 0.21 0.06
.70 37698 32.81 -0.15 0.04 0.08 0.26 0.15 0.06
.80 89.44 10.08 -0.11 0.02 0.08 0.16 0.11 0.06
.90 488  0.69 -0.06  0.00 0.07  0.09 0.08  0.06
CElev
.10 89.56 34.54 -0.14  0.02 0.08 0.20 0.14  0.06
.30 22133 29.66 -0.13 0.05 0.08 0.26 0.13 0.06
.60 585.67 22.18 NA NA NA NA NA NA
CEloc
PEY EZ 65.06 36.13 -0.09 0.10 0.08 0.19 0.14  0.06
PEX.EZ 64.16 35.96 -0.16 -0.06 0.08 0.18 0.14 0.06
PEXEY 533.41 21.54 -0.15 0.02 0.08 0.28 0.14 0.06
All 532.78 21.54 -0.12  0.05 0.08 0.27 0.13 0.06
n
25 442.56 84.83 -0.14  0.03 0.14 0.42 0.27 0.10 0.20
100 244.62 1.55 -0.13 0.03 0.07 0.19 0.10 0.05 0.10
400 209.38  0.00 -0.13 0.03 0.03 0.10 0.04 0.02 0.05

Note. *Study Conditions = 1,296. °Study Conditions = 864. TD = Theoretical distribution of r
(.e., 1/[n-1]").
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Figure 4. EMMs for number of NA nalues for 1rz.c, across select study conditions.
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Figure 5a. EMMs for number of NA values for rgz.c1 across select study conditions when
correlated error = .1.
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Figure 5b. EMMs for number of NA values for rgz.cq across select study conditions when
correlated error = .3.
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Figure 5c. EMMs for number of NA values for 1Rz.cq across select study conditions when
correlated error = .6.
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Bias

Table 5 presents descriptive statistics and n° values across the study’s factors. The
greatest grand mean bias was in 1gz.co followed by 155.c1, While 155.c» and 155..3 demonstrated
virtually no discernible grand mean bias. Across the study conditions, rgz..; demonstrated the
most variance in mean bias followed by 7,.co. There was little variability in the mean bias of
Trz.c2 and 1xz.c3 across the study conditions. The distribution of mean bias across the study
conditions appeared to be negatively skewed and normal for 1z5.co and rgz.c3, while positively
skewed and non-normal for rR5.c1 and 7xz.c,. Study conditions respectively explained 62.72%,
14.20%, .50%, and .83% of the variance in the bias of 1z5.c0, Trz:c1> TrRZ:C2> @Nd TRz.c3. Given the
amount of bias detected and variance explained, only the bias of 13.c¢ and 1z5.c; Were further
investigated (cf. Thompson, 2006).

For 1zz.¢o, the study conditions that appeared to affect bias were pr,r,, reliability,
CEloc, and the interaction between pr,r, and reliability (see Table 5). The EMMs for the main
effects show that across the study conditions, the greatest bias involved conditions where:
PrrT,= -93, reliability = .60, and correlated error existed between Ex and Ezor between Ey and
Ey (see Table 4). The EMMs for the pr, 1, and reliability interaction effect produced findings
consistent with the main effects and revealed that while reliability did not play a role in the bias
of Tgz.co When pr, 1, was small (i.e., .27), the amount of negative bias increased as reliability

decreased and pr,r,increased (see Figure 6).

26



Table 5

Statistics for Bias of the 4 Validity Estimates across 864 Study Conditions

Statistic/Factor TRZ:CO TRZ:C1 TRz:C2___ TRZ:C3

Descriptive Statistics
Median -.11 <.01 <-.01 <-.01
M -.13 .04 <-.01 <-.01
SD 12 .16 .01 <.01
Skewness -.84 5.00 3.45 -1.43
Kurtosis 89 44091 18.04 79

5’ for study condition factors
PTRTZ 39.74% 2.75% 16%  .15%
Reliability (rel) 12.38% 12% 02%  .00%
CE Level (CElev) 13% 34% .00%  .00%
CE Location (CEloc) 3.97% 2.96% 01%  .00%
n .14% .00% 00%  .52%
prrRTZ X rel 4.17% 1.36% 07%  .00%
prrrz X CElev .04% 76% .00%  .00%
rel x CElev 29% 2.33% 00%  .00%
prrrz X CEloc .01% .02% 16%  .13%
rel x CEloc .03% 21% 00%  .00%
CElev x CEloc .60% 1.11% .00%  .00%
PTRTZ X 1 .00% .02% 02%  .00%
rel x n .98% 79% .00%  .00%
CElevx n .00% .01% .00%  .00%
CEloc x n .00% .02% 01%  .00%
prr1z X rel x CElev .00% A7% .00%  .00%
prrrz X rel x CEloc .01% 1.15% 00%  .00%
prrrz X CElev x CEloc .00% 25% 06%  .00%
rel x CElev x CEloc 07% 91% .00%  .00%
prr1z X Tel X 1 .00% A11% .00%  .00%
prrrz X CElev x n .00% 13% 00%  .00%
rel x CElev x n 15% 32% 00%  .00%
prrtz X CEloc x n .00% .04% .00%  .00%
rel x CEloc x n .00% .05% .00%  .00%
CElev x CEloc x n .00% .02% .00%  .00%
prrrz X rel x CElev x CEloc .00% 52% .00%  .00%
prrrz X rel x CElev x n .00% 22% .00%  .00%
prrrz X rel x CEloc x n .00% .30% 00%  .00%
prrrz X CElev x CEloc x n .00% 12% 00%  .00%
rel x CElev x CEloc x n .00% .05% .00%  .00%
prrr1z X rel x CElev x CEloc x n .00% 23% .00%  .00%
Full Model 62.72%  14.20% 50%  .83%
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Figure 6. EMMs for bias of 1R7.co across select study conditions.

For 1R.c1, the study conditions that appeared to affect bias were the main effects of
CELoc and pr,r, as well as interaction effects involving pr,r,, reliability, CELoc, and CElev
(see Table 3). The EMMs for the main effects show that across the study conditions, the greatest
bias involved conditions where: correlated error was isolated to Ey and £z and prpr, = .93 (see
Table 4). To analyze the main effects with the context of relevant interactions, the EMMs
associated with the four-way interaction involving pr,r,, reliability, CELoc, and CElev were
plotted (see Figure 7). The EMMs for the four-way interaction effect produced findings
somewhat inconsistent with the main effects, revealing that the greatest bias involved conditions
where: correlated error existed between Ex and Ey, prpr, = .93, and CElev = .30. The EMMs
also revealed that decreases in reliability tended to increase the amount of positive bias except in

the case where the correlated error was isolated to pg, g, . In the latter case, decreases in
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reliability tended to increase the amount of negative bias. When the correlated error condition
was isolated to pgyg, O Pgyg,, the amount of bias tended to be more pronounced when pr 1, =
.80. When the correlated error condition included pg, g, , the amount of bias was most
pronounced when pr 1, = .53 | .93. The patterns of bias for the condition when CElev =.10
mirrored those when CElev =.30. However, when CElev = .10, the magnitude of bias was not as

great.

Precision

Table 6 presents descriptive statistics and n° values across the study’s factors. The
greatest variability was found in 135.01, followed by 1zrz.c2, Trz.co and 7zz.c3. The distribution of
precision estimates across the study conditions appeared to be minimally skewed and slightly
non-normal for rg5.co and 1zz.c3, While positively skewed and non-normal for rz5.-; and 1z5.c5.

For 1Rz.c0, the study conditions that appeared to affect precision were n, reliability, and
the interaction between n and reliability (see Table 6). The EMMs for the main effects show that
across the study conditions, the greatest variability involved conditions where: n =25 and
reliability = .60 (see Table 4). The EMMs for the 7 x reliability interaction effect produced
findings consistent with the main effects and revealed a slight interaction between n and
reliability and indicated that lower levels of reliability had an increasingly negative effect on

precision as n decreased (see Figure 8).
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Figure 7. EMMs for bias of 1yz.cq across select study conditions.
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Table 6

Statistics for Precision of the 4 Validity Estimates across 864 Study Conditions

Statistic/Factor TRz:Co _ TRZ:C1 TRZ:C2 TRZ:C3

Descriptive Statistics
Median .07 13 .08 .05
M .08 23 14 .06
SD .05 30 13 .03
Skewness 54 3.17 2.23 .59
Kurtosis -1.17 14.74 5.83 -1.08

5’ for study condition factors
PTRTZ 0.95% 14.91% 557%  9.04%
Reliability (rel) 3.38% 19.24% 13.57%  0.00%
CE Level (CElev) 0.08% 1.13% 0.04%  0.00%
CE Location (CEloc) 0.28% 2.36% 0.18%  0.00%
n 93.24% 20.86%  53.45% 88.35%
prrTZ X rel 0.29% 9.38% 2.83%  0.00%
prr1z X CElev 0.00% 1.71% 0.07%  0.00%
rel x CElev 0.01% 0.99% 0.02%  0.00%
prr1z X CEloc 0.07% 3.70% 0.35%  0.00%
rel x CEloc 0.05% 2.17% 0.16%  0.00%
CElev x CEloc 0.07% 0.97% 0.08%  0.00%
PTRTZ X 1 0.26% 1.74% 575%  2.57%
rel x n 1.01% 3.98% 10.13%  0.00%
CElevx n 0.02% 0.00% 0.02%  0.00%
CEloc x n 0.08% 0.05% 0.13%  0.00%
prr1z X rel x CElev 0.00% 1.42% 0.20%  0.00%
prrrz X rel x CEloc 0.00% 2.93% 0.62%  0.00%
prr1z X CElev x CEloc 0.02% 1.72% 0.28%  0.00%
rel x CElev x CEloc 0.01% 0.79% 0.09%  0.00%
prr1z X Trel X 0.07% 1.78% 2.72%  0.00%
prrrz X CElev x n 0.00% 0.39% 0.09%  0.00%
rel x CElev x n 0.00% 0.10% 0.02%  0.00%
prr1z X CEloc x n 0.02% 0.87% 0.43%  0.00%
rel x CEloc x n 0.01% 0.15% 0.17%  0.00%
CElev x CEloc x n 0.02% 0.02% 0.11%  0.00%
prrrz X rel x CElev x CEloc 0.00% 1.32% 0.36%  0.00%
prrr1z X rel x CElev x n 0.00% 0.85% 031%  0.00%
prrrz X rel x CEloc x n 0.01% 2.39% 1.02%  0.01%
prrrz X CElev x CEloc x n 0.01% 0.41% 0.44%  0.00%
rel x CElev x CEloc x n 0.00% 0.28% 0.13%  0.00%

prrrz X rel x CElevx CElocxn 0.01%  141%  0.70%  0.01%
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Figure 8. EMMs for precision of 1rz.co across select study conditions.

For 1gz.c1, the study conditions that appeared to affect precision were the main effects of
n, reliability, pr.t,, CElev, CELoc, as well as interaction effects involving pr,r,, reliability,
CELoc, and n (see Table 6). The EMMs for the main effects show that across the study
conditions, the greatest bias involved conditions where: n = 25, reliability = .60, and pr ,= .93,
CElev = .30, and correlated error included Ey and Ey(see Table 4). To analyze the main effects
with the context of relevant interactions, the EMMs associated with the four-way interaction
involving pr,r,, reliability, CELoc, and n were plotted (see Figure 9). The EMMs for the pr.t,
x reliability x CELoc x 7 interaction effect produced findings somewhat consistent with the main
effects, revealing that the greatest variability involved conditions where: pr. 1, = .93, reliability

= .60, correlated error existed between Ey and Ey, and n = 400.
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For r54.c2, the study conditions that appeared to affect precision were n, reliability,
PrpT, and related interactions (see Table 6). The EMMs for the main effects show that across
study conditions, the greatest variability involved conditions where: n = 25, reliability = .60, and
PryTy = -80 (see Table 4). The EMMs for 7 x reliability X pr,r,interaction effect produced
findings consistent with the main effects and also revealed that the interaction between reliability
and pr,r, was most evident in conditions where n = 25. For n = 25, the effect that pp,t, had on
precision was strongest when reliability = .60 and weakest when reliability = .90 (see Figure 10).

For 1.3, the study conditions that appeared to affect precision were n, pr,r,, and the
interaction between n and pr, 1, (see Table 6). The EMMs for the main effects show that across
the study conditions, the greatest variability involved conditions where: n =25 and prpr, = .27 |
.53 |.55 (see Table 4). The EMMs for the interaction effect produced findings consistent with the
main effects and also indicated that the effect pr,r, had on precision was strongest when n = 25

and weakest when n = 400 (see Figure 11).

Discussion
Synthesis of Findings
To synthesize the results of the study, it is helpful to consider differences in bias or
precision that are large enough to make a practical difference in the interpretation of validity
estimates. The benchmark used for identifying practical differences in bias and precision was
.20 and is supported by literature that considers the magnitude of » when interpreting its
meaning. For example, Cohen (1998) interpreted s of .10, .30, and .50 as small, medium and

large, respectively. When considering convergent validity levels, Ward, Fischer, Lam, and Hall
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(2009) drew distinctions between correlations greater than .70, those that ranged between .30 and

.50, and those that ranged between .10 and .20.
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Figure 10. EMMs for precision of 1., across select study conditions.
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Trz.c3- Validity estimates based on Eq. C3 yielded values that were not practically
significantly different than their respective population parameters, across the study conditions.
This finding should not be surprising given that the derivation of 755.., stems from
Zimmerman’s formula (2007, Eq. 6) which accurately yields sample correlations among true
scores. Although Eq. C3 may not be used when only observed scores are available, the findings
indicate that unbiased and precise estimates for rz;may be obtained when the reliability of data,
correlations among error scores, and correlations between error and true scores are
simultaneously modeled.

Trz.c2. Validity estimates based on Eq. C2, that is similar to C3 but does not model
correlations between error and true scores, yielded unbiased values. However, due to the role that
sample size played in the variability of correlations between error and true scores, the variability
in 1zz.c, estimates were large enough to be practically significantly different than their respective
population parameters, particularly when sample sizes were small (n = 25) and reliability was
low (.60 | .70) or when reliability was moderate (.80) and the level of co-variation was high (.80).

Trz.c1- Validity estimates based on Eq. C1, that is similar to C2 but does not model
correlations between error scores, yielded values that were practically significantly different than
their respective population parameters under a number of conditions. Particularly when the level
of correlated error was moderate (.30), reliability was low (.60), and the level of co-variation was
high (.80), biased estimates occurred. If the correlated error was isolated to the covariate and
criterion, as might occur if the covariate and criterion were measured at the same time but at a
different time than the outcome, the bias was negative; otherwise, positive bias occurred when
correlated error was isolated to the outcome and criterion, or involved the covariate and outcome.

In addition, when reliability was low (.60) and the level of co-variation was high (.80),
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variability in 1zz.c; estimates was large enough to be practically significantly different than their
respective population parameters. The exception to this finding was when sample sizes were
large and when correlated error was isolated to the outcome and criterion or the covariate and
criterion. In the latter case, there was no practically significant variability in rg5.-; estimates.

Trz.co- Validity estimates based on Eq. CO, that is similar to C1 does not model
reliability, yielded values that were sufficiently precise to be not practically significantly
different than their respective population parameters. However, under a number of conditions,
Trz.co €stimates were sufficiently biased to affect the interpretation of results. Particularly when:
(@) prgT, = -65 and reliability = .60, (b) pr,r, = .74 and reliability = .70, and (¢) pryr, = 93
and reliability = .80, there was a practically significant amount of negative bias in 7z.c

estimates.

Conclusions

Based on the study’s findings, it can be concluded that the performance of four equations
ranked from best to worst is as follows: C3, C2, C0, and C1. Eq. C3 performed the best, yielding
no estimates that were practically significantly different than their respective population
parameters, across study conditions. Eq. C2 did a good job in yielding unbiased, valid, and
precise results. Only in a select number of study conditions were estimates unable to be
computed or produced results that had sufficient variance to affect interpretation of results. Eq.
CO0 fared well in producing valid, precise, and unbiased results. Although CO suffered from bias
under a number of study conditions, the variability of results were not sufficiently large to affect
interpretation of results. Eq. CO also reliably produced estimates across all study conditions (i.e.,
no NA values). Eq. C1 performed the worst. Not only did C1 not reliably produce estimates even

when the level of modeled correlated error was low (.10), C1 produced values higher than the
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theoretical limit of 1.0 across a number of study conditions. Estimates based on C1 also
produced the greatest number of conditions that were practically significantly different than their
population parameters.

The study’s findings support the benefits of using structural equation modeling (SEM) in
to accurately assess the validity of a residualized variable. Presuming that equivalent SEM
models can be built to model the correlated error in Eq. C2, researchers can expect such models
to generally yield unbiased, valid, and precise validity estimates. However, based on the findings
of this study, it seems possible that constraining nuisance correlations between error scores to
zero could yield correlation coefficients greater than 1.0. It is possible that SEM models could
yield a closer fit of the data if nuisance correlations were freely estimated, similar to how
nuisance correlations are modeled in Eq. C3. Alternatively, such correlations might be truncated
to unity or perhaps another value such as the observed score correlation.

In the event that SEM cannot be applied to a dataset for any number of reasons (e.g.,
insufficient sample size, lack of item level data), researchers must then choose between C0O and
C1 when assessing the validity of a residualized variable. Eq. CO would seem to be the most
parsimonious choice when: (a) pr,r, < .65 and reliability = .60, (b) pr,r, < .74 and reliability
=.70, or (¢) pryr, < .93 and reliability = .80, as this study found a practically insignificant
amount of bias in the associated 7z5.co estimates. In the absence of such conditions, a post hoc
analyses of the related EMMs revealed that C1 usually outperformed CO in producing less biased
estimates, except in select conditions (see Table 7). However, in the absence of the
aforementioned conditions, C1 always produced less precise estimates than CO (see Table 7).
These findings have implications for analyses (e.g., meta-analyses) that rely on validity estimates

that have been corrected by C1. Unless researchers are confident there is no correlated error
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among the variables, they must give careful consideration to the: (a) level of correlation between
a residualized variable and criterion, (b) level of reliability in the data, and (c) potential source of
correlated error before selecting a validity estimate that has been corrected for attenuation by C1
over a validity estimate based on observed score correlations (i.e., C0). Without such
consideration, resulting estimates may be actually further away from population parameters than
estimates based on observed data.

Table 7

EMMSs of Bias and Precision for 1rz.co and Trz.c1 across Select Conditions

Bias Precision
prrrz el CElev CEloc®  1pz.c0 TRz TRz:co  TRz:C1
0.65 0.6 0.1  pgyE, -0.20 0.07 0.09 0.18
0.65 0.6 0.1  pgyE, -0.24  -0.03 0.09 0.20
0.65 0.6 0.1  pgyE, -0.25  -0.03 0.09 0.19
0.65 0.6 0.1 Al -0.21 0.02 0.09 0.20
0.65 0.6 03  pgyE, -0.11 0.22 0.08 0.19
0.65 0.6 03  pgyE, -0.25  -0.07 0.09 0.20
0.65 0.6 03  peygy -0.27  -0.07 0.09 0.24
0.65 0.6 03 Al -0.18 0.04 0.08 0.22
0.74 0.6 0.1  pgyE, -0.26 0.07 0.09 0.19
0.74 0.6 0.1  pgyE, -0.30  -0.02 0.09 0.18
0.74 0.6 0.1  pgyE, -0.30 0.00 0.09 0.21
0.74 0.6 0.1 Al -0.27 0.05 0.09 0.19
0.74 0.6 03  pgyE, -0.18 0.22 0.08 0.19
0.74 0.6 03  pgyE, -0.32  -0.07 0.09 0.19
0.74 0.6 03  peygy -0.30 0.02 0.09 0.27
0.74 0.6 03 Al -0.22 0.14 0.08 0.27
0.74 0.7 0.1  pgyE, -0.19 0.04 0.08 0.13
0.74 0.7 0.1  pgyE, -0.23  -0.02 0.09 0.14
0.74 0.7 0.1  pgyE, -0.23  -0.01 0.09 0.13
0.74 0.7 0.1 Al -0.20 0.02 0.08 0.13
0.74 0.7 03  pgyE, -0.13 0.14 0.07 0.21
0.74 0.7 03  pgyE, -0.24  -0.05 0.09 0.14
0.74 0.7 03  pgygy -0.23 0.00 0.09 0.16
0.74 0.7 03 Al -0.17 0.08 0.08 0.15
0.78 0.6 0.1 pgyg, -0.29 0.10 0.09 0.26
0.78 0.6 0.1  pgyE, -0.35  -0.04 0.09 0.24

(table continues)
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Bias Precision

prrrz el CElev CEloc"  1pz.c0 TRzt TRz:co "Rz:.C1
0.78 0.6 0.1  pgyE, -0.34 0.06 0.10 0.46
0.78 0.6 0.1 All -0.31 0.10 0.09 0.45
0.78 0.6 03  pgyE, -0.21 0.28 0.08 0.31
0.78 0.6 03  pgyE, -0.38 -0.15 0.10 0.29
0.78 0.6 03  peygy -0.33 0.26 0.09 0.86
0.78 0.6 0.3 All -0.26 0.31 0.09 0.73
0.78 0.7 0.1  pgyE, -0.23 0.06 0.08 0.16
0.78 0.7 0.1  pgyE, -0.28 -0.03 0.09 0.17
0.78 0.7 0.1  pgyE, -0.26 0.03 0.09 0.22
0.78 0.7 0.1 All -0.24 0.05 0.08 0.20
0.78 0.7 03  pgyE, -0.16 0.18 0.07 0.21
0.78 0.7 03  pgyE, -0.30 -0.10 0.09 0.17
0.78 0.7 0.3  pgyEy, -0.26 0.11 0.09 0.30
0.78 0.7 0.3 All -0.21 0.17 0.08 0.48
093 0.6 0.1  pgyE, -0.45 0.19 0.09 0.62
093 0.6 0.1  pgyE, -0.51 -0.04 0.10 0.49
093 0.6 0.1  pgyE, -0.49 0.25 0.09 0.79
0.93 0.6 0.1 All -0.47 0.29 0.09 0.91
093 0.6 03  pgyE, -0.36 0.45 0.08 0.74
093 0.6 03  pgyE, -0.56 -0.23 0.10 0.50
093 0.6 03  pgygy -0.48 1.19 0.09 2.12
093 0.6 0.3 All -0.42 1.18 0.08 1.95
093 0.7 0.1  pgyE, -0.37 0.12 0.08 0.36
0.93 0.7 0.1  pgyE, -0.43 -0.02 0.09 0.33
093 0.7 0.1  pgyE, -0.40 0.16 0.08 0.47
0.93 0.7 0.1 All -0.39 0.17 0.08 0.55
0.93 0.7 03  pgyE, -0.30 0.27 0.07 0.36
0.93 0.7 03  pgyE, -0.47 -0.15 0.09 0.30
0.93 0.7 03  pgygy -0.38 0.63 0.08 1.12
0.93 0.7 0.3 All -0.34 0.65 0.08 1.10
093 0.8 0.1  pgyE, -0.28 0.07 0.07 0.20
0.93 0.8 0.1  pgyE, -0.33 -0.01 0.07 0.23
093 0.8 0.1  pgyE, -0.30 0.08 0.07 0.29
093 0.8 0.1 All -0.29 0.09 0.07 0.24
0.93 0.8 03  pgyE, -0.23 0.16 0.06 0.22
0.93 0.8 03  pgyE, -0.36 -0.08 0.08 0.21
0.93 0.8 0.3  pgyEy, -0.28 0.26 0.07 0.51
0.93 0.8 0.3 All -0.26 0.28 0.06 0.46

Note. Estimates with less bias and variability are bolded.
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Limitations

The study’s findings must be taken within the context of the study’s limitations and
delimitations. First, the study only considered moderately high level of convergent validity
between the outcome and criterion variable (pr,7,= .80), equal levels of reliability across the

outcome, covariate, and criterion variables, and four correlated error conditions, where correlated
error was isolated to one of three pairs of variables as well as across all variables. No conclusions
can be made, therefore, regarding the performance of C0O, C1, and C2, across study conditions
with lower levels of convergent validity, disparate levels of reliability across the outcome,
covariate, and criterion variables, and other correlated error conditions. Second, given that C1
was unable to reliably provide estimates when the level of correlated error = .60, it is not clear
how C0, C1, and C2 will compare in the presence of a strong amount of correlated error, beyond
understanding the conditions when estimates based on C1 and C2 cannot be computed. Third,
this study only considered a single covariate, where in practice researchers may use multiple
covariates in their analyses. Fourth, the study was limited by the performance of the equations
which included in the case of C1 and C2 yielding estimates that were greater than theoretical

limits. It is possible that C1 and C2 might have performed better had components of the formula

Xz

AAAD 6 ¢

been forced within theoretical bounds (e.g, ). However, the findings from this study are

nonetheless useful as they help identify cases when such estimates may occur.

Recommendations for Future Research
Beyond considering conditions that were not simulated in the study, the findings from

this study present a number of recommendations for future research. The first recommendation
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relates to corrected correlations that yield values beyond + 1. The second recommendation
considers what data should be included in research reports.

First, further research is needed to determine how best to handle corrected correlations
that result in values greater than or less than their theoretical limit. While conventional wisdom
(e.g., Onwuegbuzie et al., 2004) suggests that such values should be truncated to unity, Nimon et
al. (2012) found that a “truncated correlation of 1.00 may be a less accurate estimate of the true
score correlation than its observed course counterpart” (p. 3). It would, therefore, be helpful to
empirically define the conditions when a corrected correlation coefficient should be truncated to

unity or its observed course counterpart. Future research could then use such knowledge to create

xz

Vrzzrxx

variants of C1 and C2 that force components of the equations (e.g, ). to be within

theoretical bounds (i.e., £+ 1).

Second, the findings of the study demonstrated the impact correlated error has on
residualized validity estimates that result from C1. It would help inform future research if reports
based on SEM analyses would identify the amount of correlated error between variables. While
this would necessitate researchers conducting additional analyses (e.g., creating phantom
variables to model correlated error at the scale level, analyzing residual correlations), such
knowledge would help begin to build a body of knowledge regarding the level of correlated error
that exists across sources of data. This recommendation builds on the work of Zientek and
Thompson (2009) that recommends that correlation matrices be provided to help improve
research reports and allow for secondary analyses. Given the findings from this study as well as
Fan’s (2003) who demonstrated that OLS and SEM approaches to correcting for measurement
error yield nearly identical results, it would also seem advantageous for researchers to report

both observed score correlations and correlations that have been corrected for measurement error
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(either via SEM or Eq. C1) so that comparisons could be made between the sets. As noted by
Zimmerman, if a correlation that has only been corrected for measurement error is much greater
than a correlation resulting from observed scores, it is probably inaccurate as it does not consider
correlated error or nuisance correlations between true and error scores.
Implications for Applied Research

The results from this study provide two helpful data points for applied researchers. First,
in the event that a corrected correlation results in a value greater than unity or the calculation of
residualized validity coefficient results in an impossible value, the researcher should consider the
role that correlated error may be playing in their analyses and investigate means (e.g., SEM) to
model the correlated error. Second, the study demonstrates that in the presence of highly reliable
data, the validity of a residualized variable may be accurately and parsimoniously modeled with

observed score data, even in the presence of correlated error.
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APPENDIX

SIMULATION CODE
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library (MASS)
library (corpcor)

path<-"C:/Users/nimonmedia/My Documents/Dissert/"
#Study Conditions

Pops<-1000000

iter<-5000

ptxty<-c (.8, .6, .3)
ptxtz<-c (.8, 6, .3)
ptytz<-c(.8)

rel<-c(.6, .7, .8, .9)

ce<-c (.1, .3, .06)

ss<-c (25, 100, 400)
ec<-matrix(c(1,0,0,0,1,0,0,0,1,1,1,1),byrow=TRUE, nrow=4,ncol=3)
scl<-expand.grid(ptxtz,ptxty,ptytz,rel,ce,ec[l,1],ec[l,2],ecl],
sc2<-expand.grid(ptxtz,ptxty,ptytz,rel,ce,ec[2,1],ec[2,2
sc3<-expand.grid(ptxtz,ptxty,ptytz,rel,ce,ec[3,1],ecl3,2
scd4<-expand.grid(ptxtz,ptxty,ptytz,rel,ce,ecl4,1],ec[4,2
sc<-rbind(scl, sc2,sc3,scd)

ptrtz<-rep(c(.27, .53, .93, .40, .55, .78, .59,
.65,.74),length (rel) *1length (ce) *nrow (ec) )
sc<-cbind(ptrtz, sc)

id<-1l:nrow(sc)

sc<-cbind (id, sc)

colnames (sc)<-

c ("id" , "ptrtz" , "thtZ" , "ptxty" , "ptytz", "rel", "ce v, "pexey" , "pexez" , "peyez")
sc$pexey<-scSpexey*scSce

sc$pexez<-scSpexez*scSce

sc$peyez<-scSpeyez*scSce

outp<-matrix (nrow=nrow (sc) ,ncol=44)

colnames (outp) <-

c("id","ss", "k", "txty", "txtz","tytz","trtz", "oxoy", "oxoz", "oyoz", "oroz",
"eyez", "exey", "exez", "txey", "txez", "tyex", "tyez", "tzex", "tzey",
"txex","tyey", "tzez", "rxx", "ryy", "rzz", "rxxc", "ryyc", "rzzc", "exx", "eyy",
"ezz”,"ztxty", "ztxtz","ztytz","ztrtz", "stxty", "stxtz", "stytz", "strtz",
"wtxty", "wtxz", "wtytz", "wtrtz")

4 4

outp<-data.frame (outp)
outs<-matrix (nrow=iter,ncol=108)

colnames (outs)<-c (colnames (outp), "btxty", "btxtz", "btytz", "btrtz",
"boxoy", "boxoz", "boyoz", "boroz",
"beyez", "bexey", "bexez",
"brxx","bryy","brzz",
"brxxc", "bryyc", "brzzc",
HbeXX" , "beyy" , "beZZ",
"bztxty", "bztxtz", "bztytz", "bztrtz",
"bstxty", "bstxtz", "bstytz", "bstrtz",
"bwtxty", "bwtxtz", "bwtytz", "bwtrtz",
"abtxty", "abtxtz", "abtytz", "abtrtz",
"aboxoy", "aboxoz", "aboyoz", "aboroz",
"abeyez", "abexey", "abexez",
"abrxx", "abryy", "abrzz",
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"abrxxc", "abryyc", "abrzzc",

"abexx", "abeyy", "abezz",

"abztxty","abztxtz","abztytz", "abztrtz",

"abstxty","abstxtz","abstytz", "abstrtz",

"abwtxty", "abwtxtz", "abwtytz", "abwtrtz")
outs<-data.frame (outs)
outmean<-matrix (nrow=nrow (sc) *length(ss),ncol=123)
colnames (outmean) <-c (colnames (outs),

"cp2trtz", "cp2oroz","cp2ztrtz", "cp2strtz", "cp2wtrtz",

"cn2trtz","cn2oroz","cn2ztrtz", "cn2strtz", "cn2wtrtz",

"cnatrtz", "cnaoroz", "cnaztrtz", "cnastrtz", "cnawtrtz")

outmean<-data.frame (outmean)
outsd<-outmean

for (i in l:nrow(sc)) {

set.seed (1234+1)
pcov<-matrix (0,nrow=6, ncol=6)

colnames (pcov) <-rownames (pcov)<-c ("tx","ty","tz", "ex", "ey", "ez")

pcov["tx" "tx"]<—pcov["ty","ty"]<—pcov["tz","tz"]< sc$rel i]
pcov["ex","ex"]<-pcov["ey","ey"]<-pcov["ez","ez"]<-1l-sc$rel[i]
pcov[" y" "tx']<—sc$ptxty[1] scSrel[i]
pcov["tz","tx"]<-sc$ptxtz[i]*scSrel[i]
pcov["tz","ty"]<-sc$ptytz[i]*scSrel[i]

pcov["ey", "ex"]<-sc$pexey[i]* (1-scSrel[i])
pcov(["ez","ex"]<-sc$pexez[1]* (1-scSrel[i])
pcov(["ez","ey"]<-scS$peyez[i]* (1-scSrel[i])

ct<-nrow (pcov)
for (j in 1l:ct){

for (k in 2:ct) {

pcov[j,k]l<-pcovik, ]

}
}
pcov<-make.positive.definite (pcov)
datal<-mvrnorm (n=pops, rep (0, ct),pcov,empirical=TRUE)
datal<-data.frame (datal)
ox<-datal$tx+datalSex
oy<-datalS$Sty+datalSey
oz<-datal$tz+datalSez
datal<-cbind(datal, ox, 0y, 02z)

outps$k[i]l<-0

outps$idlil<-1i

outpSoxoyl[i]<-cor (datalS$Sox,datals$oy)

outp$oxoz[i]<-cor (datalSox,datal$oz)

outp$oyoz[i]<-cor (datalSoy,datal$oz)

outpS$Soroz[i]<-part (outpS$Soxoy[i],outp$Soxoz[i],outpSoyoz[i])
outpStxtyli]l<-cor (datalS$tx,datals$ty)

outpS$txtz[i]<-cor (datalS$tx,datalstz)
outp$tytz[i]<-cor(datalSty,datals$tz)

outp$trtz[i]<-part (outp$Stxty[i],outp$txtz[i],outpStytz[i])
outpSeyez[i]<-cor (datalSey,datal$ez)

outpS$exey[i]<-cor (datalS$ex,datalsSey)

outpS$exez[i]<-cor (datalS$ex,datalSez)
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<-var (datals$ty) /(var(datal$ty)+var(data1$ey))

i
outpsSryycli
i]<-var (datal$tz)/ (var (datalS$tz)+var (datalSez))

outp$rzzcl[i
outps$exx[i]<-var (datalS$Sex) /var (datal$ox)
outpseyyl[i]l<-var (datalSey) /var (datal$oy)
outp$ezz[i]<-var (datalS$Sez) /var (datal$oz)

outpS$txey[i]<-cor (datal$tx,datalsSey)
outpS$Stxez[i]<-cor (datal$tx,datalsSez)
outp$tyex[i]<-cor (datalS$Sty,datals$ex)
outp$tyez[i]<-cor (datalS$Sty,datals$ez)
outpS$tzex[i]<-cor (datalS$tz,datalS$ex)
outpS$tzey[i]<-cor (datalS$tz,datalSey)
outpS$txex[i]<-cor (datal$tx,datalSex)
outpsStyeyl[i]l<-cor (datalS$Sty,datalsSey)
outpStzez[i]<-cor (datalS$Stz,datals$ez)
outp$rxx[i]<-var (datal$tx) /var (datal$ox)
outps$ryyl[i]l<-var (datals$ty) /var (datal$oy)
outps$rzz[i]<-var (datals$tz)/var (datal$oz)
outp$Srxxc[i]<-var (datalS$tx)/ (var (datal$tx)+var (datal$ex))

]

]

<-

outpS$ztxty[i]<- 21m(outp$oxoy[ 1, outp$rxx il, outp$ryy[1],
outp$exey[i],outpSexx[i],outpSeyylil], outp$txey i],outpS$tyex[i])
outp$ztxtz[i]<-zim(outpSoxoz[i],outpSrxx[i],outpS$rzz[i],
outpSexez[i],outpSexx[i],outp$ezz[i],outpStxez[i],outpStzex[i])
outpS$ztytz[i]<-zim(outpSoyoz[il], outp$ryy[ 1, outp$rzz[ 1,
outp$eyez[i],outpSeyy[i],outpSezz[i],outpStyez[i],outpStzey[i])
outp$ztrtz[i]<-part (outpSztxty[i],outp$Sztxtz[i],outpSztytz[i])

outpS$stxtyli
outpS$stxtz[i
outp$stytz[i
outp$strtz[i

<-spear (outpS$oxoy

] [d ,outp$ryyc
]<-spear (outpSoxoz[i
] [i
] [i

1] [1]
i],outpSrzzc([i]
i],outpSrzzc(i]
[i],outpSstytz[

],outpSrxxc|
],outpSrxxc|
],outpSryyc|
],outp$stxtz

)
)
<-spear (outp$oyoz )
<-part (outp$stxty i])

bbb b

1,outpSexey[i])
],outp$exez['1)
],outpSeyez[i])
tz[i])

outpSwtxty[i]<-wet (outpS$Soxoy[i],outpSrxxc[i],outpSryycl[i
outpswtxtz[i1]<-wet (outpS$Soxoz[i],outpSrxxc([i],outp$Srzzcl[i
outpswtytz[i]<-wet (outpSoyoz[i],outp$Sryycli],outpSrzzcl|i
outps$wtrtz[i]<-part (outpSwtxty[i],outp$wtxtz[i],outpSwty

1
1
1

for (j in l:length(ss)) {
for (k in l:iter) {

s<-sample(l:pops,ss[j], replace=F)
datas<-datal([s, ]
datas<-data.frame (datas)
outs$ss[k]<-ss[]j]

outsSkl[k]<-k

outs$idl[k]<-1

outsS$Soxoyl[k]<-cor (datasS$Sox,datas$oy)

outsS$oxoz[k]<-cor (datas$Sox,datasS$Soz)

outs$oyoz[k]<-cor (datasS$Soy,datas$oz)

outsS$Soroz[k]<-part (outs$Soxoy[k],outs$Soxoz[k],outsSoyoz[k])
outs$txtylk]<-cor (datasS$tx,datass$ty)

outs$txtz[k]<-cor (datas$tx,datas$tz)

outs$tytz[k]<-cor (datasS$Sty,datass$tz)

outs$trtz[k]<-part (outs$Stxtyl[k],outs$txtz[k],outsStytz[k])
outsS$Seyez[k]<-cor (datasSey,datas$ez)

outsS$exeyl[k]<-cor (datas$ex,datasSey)

outs$exez[k]<-cor (datas$Sex,datasSez)
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)
)
)
)
)
)
)
)

<-var (datas$tx)/ (var (datas$tx) +var (datasSex))
<-var (datas$ty) /(var(datas$ty)+var(datas$ey))
/ (var (datasS$tz) +var (datasSez))

outsS$Stxeyl[k]<-cor (datas$tx,datasSey
outsS$txez[k]<-cor (datas$tx,datasS$Sez
outs$tyex[k]<-cor (datasS$Sty,datasSex
outs$tyez[k]<-cor (datasSty,datasSez
outsS$tzex[k]<-cor (datasS$Stz,datasSex
outsS$Stzeyl[k]<-cor (datas$tz,datasSey
outsS$txex[k]<-cor (datas$tx,datasSex
outsS$tyeylk]<-cor (datas$ty,datasSey
outsS$tzez[k]<-cor (datas$tz,datasSez)
outsS$Srxx[k]<-var (datas$tx) /var (datasSox)
outs$ryylk]<-var (datasS$ty) /var (datass$oy)
outsS$Srzz[k]<-var (datas$tz) /var (datasSoz)
outsS$Srxxc[k]

outsSryyc k]

outsSrzzcl[k]<-var (datasS$tz)
outsS$exx[k]<-var (datas$ex) /var (datas$ox)

]
outs$eyyl[k]<-
outsSezz[k]<

outs$ztxtylk
outsSe
outsS$ztxtz[k
outs$e
outs$ztytzl[k
outsSe
outsS$ztrtzlk

var (datasSey) /var (datass$oy)
-var (datasS$ez) /var (datas$oz)

,outs$rxx[k],outsSryy
xey[k],outs$Sexx[k],outsSeyy[k],outsStxey
]<-zim(outsS$Soxoz [k],outsSrxx[k],outsSrzz
xez[k],outs$Sexx[k],outsSezz[k],outsStxez
]<-zim(outsS$Soyoz[k],outsSryyl[k],outs$rzz
yez[k],outsSeyy[k],outs$Sezz[k],outsStyez[k],outsStzey[k])
]<-part (outs$ztxty[k],outs$ztxtz[k],outsSztytz[k])

]<-zim (outs$oxoy[k]
,outsS$tyex[k])

[
[
[
[k],outsS$Stzex[k])
[

outsS$stxtyl[k]<-spear (outsS$Soxoy[k],outsSrxxcl[k],outsSryyclk])
outsS$stxtz[k]<-spear (outsS$Soxoz[k],outsSrxxcl[k],outsSrzzc[k])
outs$stytz[k]<-spear (outsS$Soyoz[k],outs$Sryyclk],outsSrzzcl[k])
outsS$strtz[k]<-part (outs$stxtyl[k],outs$stxtz[k],outsSstytz[k])
outsSwtxty[k]<-wet (outsS$Soxoy[k],outsSrxxc[k],outsSryyc[k],outsSexey[k])
outs$wtxtz [k]<-wet (outsS$Soxoz[k],outsS$Srxxcl[k],outs$Srzzc[k],outs$Sexez[k])
outss$wtytz [k]<-wet (outsS$Soyoz[k],outs$Sryyclk],outsSrzzc[k],outsS$Seyez[k])
outs$wtrtz[k]<-part (outsSwtxty[k],outs$Swtxtz[k],outsSwtytz[k])
outss$btxty[k]<-outs$txtyl[k]-outpsStxty[i]
outss$btxtz[k]<-outs$txtz[k]-outpStxtz[i]
outsS$btytz[k]<-outsStytz[k]-outp$tytz[i]
outsS$btrtz[k]<-outsStrtz[k]-outp$trtz[i]
outs$boxoy[k]<-outsSoxoy[k]-outpsStxty[i]

outss$boxoz[k]<-outs$oxoz [k]-outpStxtz[i]
outsS$boyoz[k]<-outsSoyoz[k]-outp$tytz[i]
outsS$boroz[k]<-outsSoroz[k]-outp$trtz[i]

outs$bexey[k]<-outsSexey[k]
outsS$Sbexez [k]<-outsS$Sexez[k]
outs$beyez[k]<-outsSeyez[k]

-outpSexey[i
-outpSexez[i
-outpSeyez[i

outsSbrxx[k]<-outsSrxx[k]-outpSrxx[i]
outss$bryyl[k]<-outsS$Sryy[k]-outpSryy[i]
outsS$brzz[k]<-outsS$rzz[k]-outp$Srzz[i]

outsSbrxxc[k]<-outsSrxxc[k]
outs$bryyc[k]<-outsSryyc[k]

—outpSrxx[i]
—-outpSryyl

i]
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outsS$brzzcl[k]<-

outsS$Sbexx[k]<-o0
outss$beyyl[k]<-o
outs$bezz[k]<-0

outsS$Sbztxty[k]
outsS$Sbztxtz[k]
outss$bztytz[k]
outsS$bztrtz[k]
outss$bstxty[k]
outsS$Sbstxtz[k]
outsS$bstytz[k]
outsS$Sbstrtz[k]
outs$bwtxty[k]
outsS$Sbwtxtz [k]
outsSbwtytz[k]
outsSbwtrtz[k]
outs$abtxtyl[k]<
outs$abtxtz[k]<
outs$abtytz[k]<
outsS$abtrtz[k]<
outs$aboxoy[k]
outs$aboxoz[k]
outsS$aboyoz[k]<
outsS$Saboroz[k]
outs$abexey[k]<-
outsSabexez[k]<-
outs$abeyez [k]<-

outsSabrxx[k]<-
outsS$abryylk]<-
outsS$abrzz[k]<-

outsS$abrxxcl[k]<-
k]<-
outsS$abrzzcl[k]<-

outsSabryyc|

outsS$Sabexx[k]<-
outsS$abeyyl[k]<-
outsS$abezz[k]<-

outs$abztxty
outsS$abztxtz
outsSabztytz

k
k
k
outsS$abztrtz [k

outs$abstxty
outs$abstxtz
outsS$Sabstytz

k
k
k
outsS$abstrtz [k

—_ — — —
[

<_
<_
<_
<_

<_
<_
<_
<_

<_
<_
<_
< -

<_
<_

<_

outsSrzzclk]-outpSrzz[il]
i]
i]
i]

-outp$exx |
-outpSeyyl
-outpSezz|

utsSexx[k]
utsSeyy[k]
utsSezz[k]

outsS$ztxty
outsS$ztxtz
outsS$ztytz
outsS$ztrtz

-outpS$Stxty
-outpS$txtz
-outpStytz

k
k
k
k]-outp$trtz

[i
[i
[i
[i

outs$stxty
outsS$stxtz
outsS$stytz
outsS$strtz

-outp$txty
-outpStxtz
-outpStytz

[k
[k
[k
[k]-outp$trtz

[1
[i
[i
[1

-outp$txty
-outpStxtz
-outpStytz
-outps$trtz

outs$wtxty
outssSwtxtz
outssSwtytz
outs$wtrtz

AN N A

[
[
[
[

outsSbtxty
outsSbtxtz
outsSbtytz
outs$btrtz

abs
abs
abs
abs

—~ e~~~

(k1)
(k1)
(k1)
(k1)

abs
abs
-abs
abs

outs$boxoy
outsS$Sboxoz
outsS$Sboyoz
outs$boroz

o~~~ —~

(k1)
(k1)
(k1)
(k1)

k])
k1)
k1)

abs (outsSbexey [
abs (outsS$Sbexez|
abs (outs$beyez |

abs (outsS$brxx[k])
abs (outsS$bryy[k])
abs (outsS$Sbrzz[k])

abs (outsSbrxxcl[k])
abs (outsSbryyc[k])
abs (outsSbrzzcl[k])

abs (outsSbexx[k])
abs (outsSbeyy[k])
abs (outs$bezz[k])

<-abs (outsS$bztxty

<-abs (outsS$bztxtz

<-abs (outs$bztytz
(

k
k
k
<-abs (outsS$bztrtz [k

[
[
[
[

<-abs (outsS$bstxty

<-abs (outsS$bstxtz

<-abs (outs$bstytz
(

[k
[k
[k
<-abs (outsS$Sbstrtz[k

[
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outsS$Sabwtxty[k]<-abs (outsSbwtxty[k])
outsS$Sabwtxtz[k]<-abs (outs$Sbwtxtz[k])
outs$abwtytz[k]<-abs (outsSbwtytz[k])
outsS$abwtrtz[k]<-abs (outsSbwtrtz[k])

}
f<-paste ("outs",i,sep="")
f<-paste(f,"ss",sep="")
f<-paste(f,ss[j],sep="")
f<-paste(f,".csv",sep="")
write.csv(file=paste (path, f, sep=""),outs, row.names=FALSE)
1<-=(j-1) *nrow(sc) +i
outmean([l,c(1:108) ]<-mean (outs[1:108],na.rm=TRUE)
outsd[l,c(1:108)]<-sd(outs[1:108],na.rm=TRUE)
outmean[l,"id"]<-outsd[1l,"id"]<-1
outmean[l,"ss"]<-outsd[1l,"ss"]<-ss[]]
outmean([l, "cp2trtz"]<-nrow (subset (outs,btrtz > .2))
outmean[l,"cn2trtz"]<-nrow (subset (outs,btrtz < -.2))
outmean[l, "cnatrtz"]<-iter-length(na.omit (outsStrtz))

outmean([l, "cp2oroz"]<-nrow (subset (outs,boroz > .2))
outmean[l, "cn2oroz"]<-nrow (subset (outs,boroz < -.2))
outmean[1l, "cnaoroz"]<-iter-length (na.omit (outs$oroz))

outmean([l, "cp2ztrtz"]<-nrow (subset (outs,bztrtz > .2))
outmean[l,"cn2ztrtz"]<-nrow (subset (outs,bztrtz < -.2))
outmean[1l,"cnaztrtz"]<-iter-length (na.omit (outs$ztrtz))

outmean([l, "cp2strtz"]<-nrow (subset (outs,bstrtz > .2))
outmean[l,"cn2strtz"]<-nrow (subset (outs,bstrtz < -.2))
outmean([l, "cnastrtz"]<-iter-length(na.omit (outsS$Sstrtz))

outmean([l, "cp2wtrtz"]<-nrow (subset (outs,bwtrtz > .2))
outmean([l, "cn2wtrtz"]<-nrow (subset (outs,bwtrtz < -.2))
outmean[1l, "cnawtrtz"]<-iter-length (na.omit (outs$wtrtz))
}

}

write.csv(file=paste (path, "outp.csv",sep=""),outp, row.names=FALSE)
write.csv(file=paste (path, "outmean.csv",sep=""),outmean, row.names=FALSE)
write.csv (file=paste (path, "outsd.csv", sep=""),outsd, row.names=FALSE)

part<-function (rxy,rxz,ryz) {
if (rxy*rxy >= .9999) return (NA)
rrz<-(ryz- (rxy*rxz))/sqrt (l-rxy*rxy)
return(rrz)

}

zim<-function (roxoy, rxx, ryy, rexey, exx,eyy,rtxey,rtyex) {
ztxty<-roxoy/sqgrt (rxx*ryy) - (rexey*sqrt (exx) *sqrt (eyy) ) /sqrt (rxx*ryy) -
rtxey*sqgrt (eyy) /sqrt (ryy) -rtyex*sqgrt (exx)/sqrt (rxx)
return (ztxty)

}

wet<-function (roxoy, rxx, ryy, rexey) {
wtxty<-roxoy/sqrt (rxx*ryy) - (rexey*sqrt (1-rxx) *sqrt (1-ryy) ) /sqrt (rxx*ryy)
return (wtxty)
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}

spear<-function (roxoy,rxx,ryy) {
stxty<-roxoy/sqrt (rxx*ryy)
return (stxty)

}
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