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Abstract

Objectives—Psychopathy is associated with severe forms of antisocial and violent behavior in 

adults. There is also a rapidly growing body of research focused on extending features of adult 

psychopathy downward to youth. To date however, the degree to which these features can be 

consistently and comparatively assessed at these younger ages, remains unclear. This study 

addresses this issue by investigating measurement invariance of underlying features of 

psychopathy across childhood and adolescence in a racially diverse sample of youth.

Methods—Three cohorts of youth (n =1517) were assessed annually from childhood to 

adolescence (ages ~7–16). Underlying features of psychopathy commonly assessed in youth (e.g. 

lack of guilt, impulsivity) were examined within a longitudinal bi-factor framework using multi-

dimensional item-response theory (IRT) techniques. Differential item functioning was used to 

assess invariance across development and participant’s race (African-American and Caucasian), 

using two distinct approaches: (1) traditional item-response theory (IRT) methods; and (2) a 

recently developed Bayesian structural equation modeling (BSEM) approach.

Results—Psychopathy features assessed in this study exhibited measurement consistency across 

development (~ages 7–16) and were found to tap into the same underlying construct as intended 

across measurement occasions, and equivalently for African-American and Caucasian youth. 

Results were similar when assessed using traditional IRT procedures for longitudinal invariance 

testing and when implementing the more recent BSEM methodology.

Conclusions—Findings provide the first evidence that features of psychopathy can be assessed 

consistently in youth and improve our understanding of important developmental and sociocultural 

factors associated these features during earlier periods of development.
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1. Introduction

Adult features of psychopathy, which are characterized by callousness, shallow affect, a lack 

of remorse, and irresponsibility, have been linked to chronic and severe forms of violent 

behavior and criminal recidivism (Kahn, Byrd, & Pardini, 2012; Neumann & Hare, 2008). 

More recently, a rapidly growing body of literature has begun to focus on delineating similar 

features in youth. While this area of research has made substantial inroads, several key 

issues are still in need of being addressed. One notable limitation of existing research is the 

paucity of studies to have examined whether there is continuity in the assessment of these 

features across distinct phases of development. In addition, there remains a significant gap in 

our knowledge of potential differences in how these features are measured across different 

races and ethnicities, particularly during early periods of development. Advancing this area 

of research is essential, as currently, this gap in literature constrains the general conclusions 

that can be inferred from currently published studies. Indeed, establishing measurement 

consistency is considered a critical priority across a number of scientific fields, due to the 

potential of measurement inconsistency to obscure study results and lead to spurious 

conclusions (Borsboom, 2006).

1.1. Establishing measurement invariance

Measurement invariance is used by researchers to determine whether or not a measure 

indexes a given latent construct equivalently over time and between groups. A first step in 

testing measurement invariance requires establishing a basic structural model. It is worth 

noting here that unlike most other areas of psychopathology research, significant (and at 

times contentious) debate remains regarding fundamental conceptual and structural models 

of psychopathy (Lilienfeld, Watts, Francis Smith, Berg, & Latzman, 2015). Indeed, many 

major researchers in the field continue to be sharply divided as to what precisely constitutes 

the core underlying features of psychopathy, and whether these features should be modeled 

as a unidimensional, multidimensional, or higher-order construct. To this point, a range of 

hypothesized models have been proposed, consisting of anywhere from two to eight separate 

factors (e.g., Cooke & Michie, 2001; Neumann, Hare, & Newman, 2007; Vitacco, Neumann, 

& Jackson, 2005). Highlighting but a few differences across these models shows that some 

conceptualizations emphasize the assessment of distinct personality and behavioral 

dimensions (e.g., Hare, 2003; Neumann et al., 2007), some include content that taps into 

potentially adaptive features (e.g., Patrick, Fowles, & Krueger, 2009), while others focus on 

personality factors and exclude items intended to assess overt antisocial behaviors (e.g., 

Cooke & Michie, 2001; Lynam, 2002). In particular, while some researchers suggest that 

antisocial behaviors are an integral component of psychopathy (Hare & Neumann, 2010), 

others have expressed concerns that these behaviors represent a sequelae, rather than core 

component of the syndrome (Skeem & Cooke, 2010a). In addition, some research suggests 

that personality based conceptualizations may provide greater insight into psychopathy’s 

developmental precursors, noting that some behavioral manifestations are less likely to 
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emerge during earlier periods of development (Dotterer et al., 2017; Frick, Ray, Thornton, & 

Kahn, 2014) (for a more thorough tx of these issues, see Lilienfeld, Watts, Francis Smith, 

Berg, & Latzman, 2014).

Lack of consensus regarding psychopathy’s underlying features notwithstanding, there does 

appear to be relative agreement that commonly assessed sub-dimensions (e.g., callousness, 

impulsive/irresponsible, manipulative/deceitful) tap into an overarching psychopathy factor. 

Considerable research shows that it is this overarching factor that confers the greatest risks, 

as youth with the highest overall psychopathy scores tend exhibit the most severe and violent 

forms of delinquent behavior (Lynam, Miller, Vachon, Loeber, & Stouthamer-Loeber, 2009), 

the worst treatment outcomes (Spain, Douglas, Poythress, & Epstein, 2004), and are at 

increased risk for displaying psychopathic personality features into adulthood (Lynam et al., 

2009). Recently, several studies have provided evidence indicating that bifactor models, 

which posit that items on a measure are simultaneously influenced by general (e.g., 

psychopathy) and specific factors (e.g., callousness, impulsivity), can be useful for 

integrating distinct features of psychopathy into a basic structural model (e.g., Dotterer et al., 

2017; Hawes, Mulvey, Schubert, & Pardini, 2014; Patrick, Hicks, Nichol, & Krueger, 2007; 

Waller, McCabe, Dotterer, Neumann, & Hyde, 2017). In particular, this approach can help to 

reconcile findings that show dimensions of psychopathy to be strongly influenced by genetic 

factors, while also exhibiting unique associations with theoretically meaningful constructs, 

such as negative emotionality (Bezdjian, Raine, Baker, & Lynam, 2011; Forsman, 

Lichtenstein, Andershed, & Larsson, 2008).

1.2. Longitudinal measurement invariance

A conceptual and methodological concern when assessing features of psychopathy across 

development is whether certain features may become more or less indicative of the 

overarching psychopathy construct over time (Obradović, Pardini, Long, & Loeber, 2007; 

Salekin & Frick, 2005; Seagrave & Grisso, 2002). When scale scores designed to index a 

construct change in a systematic manner over time, this is commonly interpreted as 

capturing “true” developmental change. However, in the absence of having established 

measurement invariance, change may merely reflect temporal inconsistencies among 

indicators used to assess the construct, rather than reflecting actual “developmental” change. 

For example, bifactor models produce item factor loadings and thresholds (when using 

categorical data) that correspond to item difficulty and discrimination parameters from 

multidimensional item response theory (MIRT) models (Muthén & Asparouhov, 2013b). 

Establishing longitudinal measurement invariance (referred to as differential item 

functioning [DIF] in IRT parlance) for these models requires ascertaining that item loading 

and threshold parameters remain consistent across development. To date, existing research 

that has conducted longitudinal invariance testing with items used to assess features of 

psychopathy is extremely limited, especially during early periods of development.

1.3. Invariance across race

The degree to which measures used to render diagnoses and assess psychological constructs 

generalize across different subgroups of individuals can have important clinical, legal, and 

policy implications (Skeem, Edens, Camp, & Colwell, 2004). This is certainly true for the 
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construct of psychopathy given its widespread use for informing legal decisions (Edens, 

Colwell, Desforges, & Fernandez, 2005; Jones, 2008) and it holds even more true among 

racial and ethnic minorities, given their disproportionate involvement with the criminal 

justice system. Additionally, public perceptions that psychopathy is more prevalent among 

minority group members (particularly African American men) may further exacerbate these 

disparities (Skeem et al., 2004), making it critical that instruments used to assess this 

construct do so in a precise and consistent fashion across these groups.

To date, a limited but accumulating body of evidence suggests that, in general, psychopathy 

and its underlying features can be assessed equivalently across African American and 

Caucasian adults. In a meta-analysis of race differences on the PCL family of measures, 

Skeem et al. (2004) found that levels of psychopathy were equivalent for African Americans 

and Caucasians, although there was considerable heterogeneity in reported effect sizes 

among some features, most notably among factor 2 items (e.g., social deviance/antisocial 

lifestyle). In addition, research also provides evidence of structural invariance across African 

Americans and Caucasians for the PCL family of measures (Jackson, Neumann, & Vitacco, 

2007; Jones, Cauffman, Miller, & Mulvey, 2006; Neumann & Hare, 2008; Skeem, Mulvey, 

& Grisso, 2003; Vitacco et al., 2005) and that they discriminate similarly across these groups 

(Cooke & Michie, 2001).

Yet, not all findings have provided support for measurement equivalence across these 

groups. In particular, research comparing African American and Caucasian samples has 

shown modest to substantial differences in item slope and threshold estimates (Cooke & 

Michie, 2001; Tsang, Piquero, & Cauffman, 2014) and differences in underlying factor 

structures of psychopathy have been reported as well (Kosson, Smith, & Newman, 1990; 

Sullivan & Kosson, 2006). For example, Tsang et al. (2014) found differential item 

functioning of estimated thresholds in 10 of the 20 PCL:YV items among Caucasian and 

African American boys, and further noted four items that were more sensitive to change 

(i.e., had larger estimated slopes) for Caucasian compared to African American participants. 

In addition, it is important to point out that the overwhelming majority of this work has 

focused on adult correctional and forensic psychiatric samples, using PCL based measures. 

This has led researchers to highlight the need to expand this area of investigation to 

community-based samples (Skeem et al., 2004), and across a diversity of assessment tools 

(Skeem & Cooke, 2010b). Finally, and perhaps most relevant to the current study, extant 

research to examine these issues among youth is exceedingly sparse, and none have used 

longitudinal assessments in order to situate findings in a developmentally informative 

context.

1.4. Current study

This study aims to identify whether features of psychopathy commonly assessed in youth 

can be measured consistently across childhood and adolescence, and equivalently between 

African American and Caucasian youth. To investigate these issues, three grade-based 

cohorts of boys (n = 1517) were prospectively followed and assessed annually from 

childhood to adolescence (spanning ~ages 7–16). Longitudinal and multi-group invariance 

testing was carried out using two distinct approaches: (1) a traditional IRT procedure for 
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investigating differential item functioning; and (2) a more recently developed BSEM 

approach for assessing measurement invariance.

2. Method

2.1. Design and participants

Data were collected as part of the Pittsburgh Youth Study (PYS), a longitudinal investigation 

aimed at understanding the development of delinquency, substance use, and mental health 

problems among a community sample of boys (Loeber, Farrington, Stouthamer-Loeber, & 

Van Kammen, 1998).1 The PYS consists of three cohorts recruited from the Pittsburgh 

Public Schools in the 1st, 4th, and 7th grades. A screening assessment was conducted on a 

random sample of boys selected from a list of enrolled students in each grade. The screening 

used parent-, teacher-, and youth-report measures of conduct problems to create a risk index 

for each grade. Boys rated in the top 30% of the grade-based risk index, as well as a 

randomly selected equal number of boys from the remaining 70%, were selected for 

longitudinal follow-up. The resulting sample is 1517 boys across three cohorts (youngest, n 
= 503; middle, n = 508; oldest, n = 506). All procedures were reviewed and approved by the 

Institutional Review Board at the University of Pittsburgh. At each assessment, the 

participant’s parent or guardian signed an informed consent, and the child was provided with 

an opportunity to assent or decline participation. For more details about the sample selection 

procedures, see Loeber et al. (1998).

Mean ages at screening for the youngest, middle, and oldest cohorts were 6.96 (SD = 0.55), 

10.25 (SD = 0.79), and 13.38 (SD = 0.79), respectively. The racial/ethnic composition of 

each cohort was primarily Caucasian (40.6–42.7%) and African American (52.4–55.7%), 

with a small percent of Hispanic (0.2%), Asian (0.4–1.0%), or mixed race/ethnicity (2.4–

3.8%) participants. Boys in the screening sample did not differ from the follow-up sample in 

terms of race, California Achievement Test reading scores, single parent household, or 

parent education (for further details see Loeber et al., 1998).

2.2. Procedures

The current study used data collected at 1-year intervals beginning at the screening 

assessment, which included 8 assessments for the youngest cohort (~ages 7–14), 4 

assessments for the middle cohort (~ages 10–13) and 4 assessments for the oldest cohort 

(~ages 13–16).

2.3. Measures

2.3.1. Youth psychopathic features—Annual assessments of psychopathic features in 

youth were collected using a short-form of the teacher-reported Childhood Psychopathy 

Scale (CPS-SF; Lynam, 1997; Lynam et al., 2009). The CPS, which was originally 

constructed using items from the Childhood Behavior Checklist (CBCL; Achenbach, 1991) 

and the Common-Language Q-sort (CCQ; Caspi et al., 1992), was developed to serve as a 

relatively pure measure of personality and therefore does not include items that tap into 

1As per requirements by the Journal of Research in Personality, we note that this study was not pre-registered.
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more overt antisocial behaviors (Lynam, Caspi, Moffitt, Loeber, & Stouthamer-Loeber, 

2007). Across a number of studies, the CPS has demonstrated associations with other 

measures commonly used to assess psychopathy, including the Antisocial Process Screening 

Device (ASPD; Frick & Hare, 2001) (r’s = 0.57–0.61; Bijttebier & Decoene, 2009), the 

Triarchic Psychopathy Measure (TriPM; Patrick et al., 2009) (r = 0.38; Drislane, Patrick, & 

Arsal, 2014), the Inventory of Callous- Unemotional Traits (ICU; Frick, 2004) (r = 0.49; 

Roose, Bijttebier, Claes, Decoene, & Frick, 2009) and the PCL-R across an 11-year span (r 
= 0.31; Lynam et al., 2007). In addition, the CPS has been shown to be predictive of 

theoretically relevant constructs including oppositional defiant disorder and conduct disorder 

(r’s = 0.53–0.70; Bijttebier & Decoene, 2009), criminal history over a 13-year span (Lynam 

et al., 2009), recidivism and poor treatment outcomes in adolescence (Falkenbach, 

Poythress, & Heide, 2003), and patterns of electrodermal hyporesponsivity in line with other 

psychopathy measures (Fung et al., 2005).

A shortened, 18-item version of the CPS was developed using items from the extended 

version of the CBCL (Lynam et al., 2009). This shortened version has demonstrated 

evidence of construct validity and reliability across childhood and adolescence, strong 

correlations with the original CPS (r = 0.91), and moderate to strong rank-order stability 

across childhood and adolescence (r’s - 0.49–0.80) (Lynam et al., 2009). Use of teacher-

report data has been used to assess psychopathy in a number of studies and exhibits 

correlates similar to those seen with self- and parent-report (for review see Frick et al., 

2014). As teachers in the current study completed the standard CBCL Teacher Report Form 

(TRF; Achenbach & Edelbrock, 1986), rather than the extended version, 4 items from the 

original were unavailable.2 Of the 14 CPS items used in this study, 9 map onto the 

interpersonal/affective dimension of psychopathy (e.g., ‘doesn’t feel guilty’, ‘manipulates’) 

and 5 map onto an impulsive/behavioral dimension (e.g., ‘behaves irresponsibly’, 

‘impulsive’; see Table 2 for a complete listing). All items were rated on a 3-point scale from 

0 (not true) to 2 (very true). Internal consistency in the current study remained high across 

each follow-up assessment for the CPS total (α range = 0.93–0.96) and factor scores (α 
range = interpersonal/affective factor − 0.90–0.94; impulsive/behavioral factor − 0.87–0.89).

2.4. Data analysis plan

Two distinct approaches for examining measurement invariance were implemented using the 

Mplus 7.2 software package (Muthén & Muthén, 1998–2012). First, a traditional invariance 

testing approach was conducted using a mean and variance adjusted weighted least squares 

estimator (WLSMV) for ordinal items. The use of WLSMV for these models is statistically 

equivalent to an IRT model (Reise, Horan, & Blanchard, 2011; Wirth & Edwards, 2007). 

However, we report results using factor analytic terminology (thresholds and loadings) 

rather than IRT parameterization (discrimination and difficulty), as this framework is 

considered to be more familiar to readers (Reise et al., 2011). Formulas for converting 

between the two parametrizations can be found in Muthén and Asparouhov (2013a).

2The four unavailable items from the extended CBCL teacher report form were ‘takes credit from others accomplishments’, ‘rarely or 
never saves money, ‘borrows and doesn’t pay back’, ‘blames others excessively’).
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Configural invariance requires the same underlying factor structure to adequately fit the 

measure’s items across time/groups. We examined the fit of a bifactor model, with the 

general factor and both underlying dimension specified to be orthogonal to one another. This 

model was compared to a unidimensional and correlated 2-factor model. Several statistical 

indices (i.e., omega coefficient, omega hierarchical, factor determinacy, explained common 

variance, and percentage of uncontaminated correlations) were also calculated to allow for 

further evaluation of the bifactor model, in addition to information provided by indices of 

model fit (for a detailed review, see Bonifay, Lane, & Reise, 2017; Rodriguez, Reise, & 

Haviland, 2016). Subsequent to establishing configural invariance of the bifactor model, we 

investigated scalar invariance by allowing the loadings and thresholds of the same item to be 

freely estimated across assessments and contrasting this with a more constrained model in 

which loadings and thresholds were held equal across assessments (Horn & McArdle, 1992). 

These models were assessed using several global fit indices including the comparative fit 

index (CFI), the Tucker-Lewis index (TLI), and the root mean square error of approximation 

(RMSEA). Cutoff values of 0.90 or greater were used to indicate acceptable fit and 0.95 or 

greater to indicate good fit for both CFI and TLI (Hu & Bentler, 1999; McDonald & Ho, 

2002a). RMSEA values between 0.05 and 0.10 were considered to represent an acceptable 

fit, while values less than 0.05 were considered to indicate good fit (Browne & Cudeck, 

1993; McDonald & Ho, 2002b).

Consistent with traditional invariance testing procedures, competing models were compared 

using a difference testing approach (DIFFTEST procedure in MPlus 7.2; Muthén & Muthén, 

1998–2012), which provides a corrected chi-square difference test for nested models. 

However, as this method has been shown to be sensitive to sample size and violations of 

normality (Brannick, 1995), we also compared differences in absolute fit indices among 

these nested models. Prior research suggests that changes in CFI equal to or less than 0.01, 

and changes in RMSEA of equal to or less than 0.015 provides evidence in support of 

invariance (Chen, 2007; Cheung & Rensvold, 2002), although some research suggests using 

a more stringent criteria (i.e., change in CFI equal to or less than 0.002; Meade, Johnson, & 

Braddy, 2008).

Some research has noted that this traditional invariance testing suffers from two primary 

limitations: (1) Chi-square difference testing is overly sensitive to relatively minor 

differences in model fit when examined using large samples; and (2) empirically-derived 

standards for examining substantive changes in overall model fit when testing for 

measurement invariance of ordinal indicators have not been developed (see Meade, Johnson, 

& Braddy, 2006). To address such issues, Muthén and colleagues have recently developed a 

Bayesian structural equation modeling (BSEM) approach for testing measurement 

invariance (Muthén & Asparouhov, 2013a, 2013b). Implementation of this approach is 

particularly suited for applications that involve high-dimensional latent variable models, 

such as the present case, where maximum-likelihood estimation proves to be too 

computationally demanding and has difficulties obtaining precise likelihood values (Muthén 

& Asparouhov, 2012).

BSEM analysis specifies approximate measurement invariance of all loadings and thresholds 

across time/groups by specifying small-variance priors for these parameters. That is, the 
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zero-fixed equality constraints placed on loadings and thresholds across time for the 

traditional approach to invariance testing are replaced by approximate zeros (i.e., 0.01 small-

variance priors). In this sense, approximate invariance may be thought of as non-invariance 

that is too small in magnitude to be of practical significance. The difference between each 

measurement parameter and that parameters average across time/groups is then estimated.

The methods used to test for invariance using the BSEM as based on procedures described in 

Muthén and Asparouhov (2012) (also see Muthén and Asparouhov, 2013a, 2013b). 

Specifically, the posterior distribution of Bayesian estimation was achieved through the 

Markov chain Monte Carlo (MCMC) algorithm with 50,000 iterations specified. We used 

thinning to estimate the posterior distribution on the basis of every 10th iteration, rather than 

every iteration in order deal with potential autocorrelation in the chain (Muthén & 

Asparouhov, 2012). For BSEM, model fit was assessed via the posterior predictive p value 

(PPP), which is a measure of model misspecification. Unlike more common indices of 

model fit used in traditional invariance testing (e.g., RMSEA), there is no clear guideline for 

PPP values that indicate whether or not a model provides acceptable fit. However, according 

to simulation research, small positive values (e.g., 0.005) are suggested to be indicative of a 

poorly fitting model, whereas PPP values closer to 0.5 are considered to demonstrate 

excellent fit (Muthén & Asparouhov, 2012). As BSEM difference testing in MPlus has not 

yet been implemented for thresholds of polytomous items, it was necessary to collapse item 

categories for the BSEM analyses in the current study. This was done by collapsing the 

lowest base rate category (category 3, ‘very true’) with category 2 (‘somewhat true’), which 

had the next lowest base rate of endorsement.

Subsequently, we examined multi-group invariance to investigate potential differences 

between African American and Caucasian participants at each assessment wave. Assessment 

of multi-group measurement invariance included the specification of an initial model 

allowing item loadings and thresholds to differ across African American and Caucasian 

participants. Next, item loadings and thresholds were constrained to equality across these 

groups. These models were compared using the same guidelines as previously specified for 

traditional invariance testing and this procedure was conducted at each assessment point, 

separately for each cohort. Primary study data can be accessed via the Journal of Research in 

Development’s data repository.

3. Results

3.1. Measurement invariance across development

Separate confirmatory factor analyses (CFA) were conducted at each assessment wave for 

each cohort. Although our primary focus was on establishing fit of an initial bifactor 

structural model, we also examined and compared the relative fit of a unidimensional and 

correlated two-factor model at each assessment wave. Results from these analyses indicated 

that the bifactor model provided adequate to good fit across each assessment for all three 

cohorts (16 total CFAs; CFI’s > 0.98; TLI’s > 0.98; RMSEA’s < 0.08). Further, while 

attenuated but adequate fit was found for a unidimensional (CFI’s > 0.97; TLI’s > 0.97; 

RMSEA’s < 0.10) and correlated two-factor model (CFI’s > 0.97; TLI’s > 0.96; RMSEA’s 

< 0.09), chi-square difference testing showed the bifactor model to provide significantly 
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better fit than either of these models when compared at each assessment point across all 3 

cohorts (ps < 0.001). An examination of item loadings across models revealed that after 

accounting for the variance attributed to the general factor, the item “sudden change in mood 

or feelings” exhibited a significant negative association with the Impulsive/Behavioral sub-

domain. This is not uncommon among such models (Muthén & Asparouhov, 2013b), and in 

turn this item was specified to load only onto the general factor. Subsequently, a single 

longitudinal configural invariance model was specified for each cohort by including the 

bifactor model across each assessment wave in a single model overall model (for each 

cohort). Within each longitudinal configural invariance model, item loadings and thresholds 

were allowed to vary across time. This configural invariance model provided a good fit to 

the data for each cohort (see Table 1).

The unconstrained configural model for each cohort was compared to a more rigorous, 

longitudinal scalar invariance model (i.e., item loadings and thresholds constrained to 

equality across assessment waves). Results from chi-square difference testing (Table 1) 

revealed that for each cohort, the configural model provided better fit than the scalar 

invariance model (ps < 0.001). However, further inspection of absolute fit indices (CFI, 

RMSEA) revealed almost identical fit for these models. Item loadings and thresholds for the 

scalar invariant bifactor model’s general and subfactors for each cohort are provided in Table 

2. Strong loadings onto the general factor indicates that the model did a good job of tapping 

into the overarching psychopathy factor. In addition, although the sub-factor loadings were 

of less magnitude than for the general factor (as expected), examination of these loadings 

shows that useful information is still provided toward these factors.

To further investigate evidence of longitudinal measurement invariance across each of the 

cohorts, we also examined invariance using a BSEM framework. For the BSEM analyses, 

PPP values were obtained for the youngest (PPP = 0.11), middle (PPP = 0.12) and oldest 

(PPP = 0.26) cohorts. Using this framework, a difference between each measurement 

parameter and the average of that parameter across assessments was estimated. By 

specifying a small variance prior (0.01) under the assumption that the model parameters at 

least approximate longitudinal invariance, results from these analyses point to any 

parameters exhibiting non-invariance. For the youngest cohort, of 304 possible instances of 

non-invariance (24 item loadings,3 14 item thresholds, 8 assessment waves), while for both, 

the middle and oldest cohorts, there were 152 possible instances of non-invariance (24 item 

loadings, 14 item thresholds, 4 assessment waves).

BSEM results showed that across cohorts, less than 5% (30 out of the 604) of the model 

parameters tested exhibited any evidence of potential non-invariance (see Table 3). For the 

youngest cohort, only 6% (19 out of 304) of the parameters (all item thresholds) were 

identified as potentially non-variant. Of these, no item was found to display non-invariance 

at greater than 4 assessment waves and at no assessment wave were there greater than 5 

items exhibiting potential non-invariance. For the middle cohort, only 3 parameters were 

detected as exhibiting evidence of non-invariance (3 item thresholds at the final assessment), 

3For BSEM analyses, the first item loading for the general and domain specific factors is fixed to 1, resulting in no item loading being 
estimated for these items.
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while the oldest cohort demonstrated 8 total invariant thresholds (3 items at the first 

assessment, 1 item at the second assessment, 1 item at the third assessment, and 3 items at 

the final assessment). All potentially non-invariant parameters resulted from item thresholds 

(opposed to factor loadings), which may reflect differences in the probability of endorsing 

an item when levels of the underlying construct are equivalent. However, these findings 

appear to provide little evidence of any meaningful non-invariance, as only a very small 

number of parameters (<5%) exhibited any non-invariant properties and as outlined above, 

the ones that did appeared to do so in a non-systematic manner (also see Table 3).

3.2. Measurement invariance across racial groups

Multi-group measurement invariance testing first examined a model with item loadings and 

thresholds free to differ across African American and Caucasian participants (Model 1). 

Results indicated that this model fit well at each assessment (see Table 4). Next, item 

loadings and thresholds were constrained to equality across these groups (Model 2). This 

model continued to demonstrate good fit and very little difference from the unconstrained 

model, across cohorts. An inspection of Table 4 shows that none of the models differed 

according to absolute fit indices and even the more stringent chi-square difference testing 

results indicated there were no significant differences between the overwhelming majority of 

these models. These findings were corroborated when using the BSEM approach to 

investigate measurement invariance across these groups. For these analyses, of the 604 

potential instances of non-invariance across all time points for each cohort, results indicated 

that there were only 3 potential instances of non-invariance (< 1%).

4. Discussion

To gain insight into individual differences in psychological phenomena it is essential that 

these phenomena be measured comparatively over time or across groups. The expeditious 

growth of research focused on extending features of adult psychopathy downward to youth, 

makes it imperative to establish that these features can be assessed with precision and 

consistency at younger ages. The present study provides the first empirical evidence to show 

that features of psychopathy can be assessed consistently across childhood and adolescence, 

and comparably between African American and Caucasian youth. Notably, these results 

were commensurate when examined using a more traditional ‘item response theory’ 

approach to invariance testing, as well as when using a ‘Bayesian structural equation 

modeling’ framework. Findings from this study further our understanding of important 

developmental and sociocultural factors associated with psychopathy’s underlying features 

in youth.

Demonstrating longitudinal invariance is particularly important for developmental research, 

as it helps to ensure that findings of intra-individual change reflect a true change a 

psychological phenomenon of interest. Results from this study provide support for the idea 

that psychopathy’s underlying features can be comparatively measured across childhood and 

adolescence. This helps to address concerns that behavioral manifestations of psychopathy 

may differ substantially from childhood to adolescence; for example, as a result of poor 

abstract reasoning skills related to impediments in cognitive development. Although this still 
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may be true in the case of very young children, these findings suggest that features of 

psychopathy as assessed here remained equally indicative of the construct from ages 7 to 16.

As a psycholegal construct, psychopathy is used to inform a wide-range of important legal 

decisions, which range from placement into treatment programs to assessing future risk and 

determining sentence length. Establishing invariance of psychopathy’s underlying features 

across ethnic and racial groups is imperative considering the well-publicized discrepancies 

in criminal justice involvement among minority groups, particularly African American men 

(Skeem et al., 2004). These results provide initial evidence supporting the measurement 

equivalency of psychopathy features between these groups across childhood and 

adolescence. Interestingly, these results differ somewhat from recent findings presented by 

Tsang et al. (2014), who demonstrated evidence of DIF on several items used to assess 

psychopathy between African-American and Caucasian youth. It is worth noting that one of 

the major differences between that study and the findings presented here is that Tsang et al. 

(2014) used the PCL:YV to assess psychopathy. Unlike the measure used in the current 

study, the PCL:YV includes content intended to assess antisocial and delinquent behaviors, 

and notably, evidence of DIF between African-American and Caucasian youth reported by 

Tsang et al. (2014) was largely relegated to that subset of items. Of course, it may also be 

the case that these divergent findings are due, at least in part, to informant differences, as the 

PCL: YV is scored by raters as opposed to teacher report used in the current study.

4.1. Limitations

The current study was characterized by a number of strengths including a prospective 

longitudinal design spanning a large window (i.e., 9 years) during an important 

developmental transition, as well as a racially diverse sample. However, study findings also 

need to be considered within the context of several limitations. Specifically, the study was 

comprised of an all-male sample recruited from an urban school district. As such, additional 

research focused on other populations, such as female and juvenile offender populations, is 

needed. In addition, features of psychopathy were assessed using a relatively small number 

of items, which unlike some existing measures, was intentionally developed to omit items 

tapping conduct problems and criminal behavior (e.g., repeat offending, juvenile 

delinquency). It will also be important for future studies to further examine associations 

convergent and divergent associations between the bifactor model used in the current study 

with other measures of psychopathy and relevant external correlates. Although multiple 

indices were used to evaluate the bifactor model, it should be noted that these models can be 

challenging to interpret and can be susceptible to data overfitting. Additionally, although 

strengths and weaknesses have been associated with the use of distinct types of informant 

report measures (e.g., teacher, parent, youth), the use of teacher-report in the current study 

provided a multiple-informant assessment of this construct across time. Nonetheless, the 

current results should be replicated using alternative or combined informant methods.

4.2. Conclusions

The extension of adult psychopathy to youth has led to a rapid acceleration in prospectively 

designed research investigating this facet of psychopathology during childhood and 

adolescence. In turn, it is essential to ascertain that underlying features of psychopathy can 
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be assessed with consistency across earlier development and in a manner that accurately 

reflects the overarching construct as intended. Findings from this study offer support to the 

notion that early assessments of psychopathy can produce consistent measurements that 

allow for comparative observations across development and between youth of different racial 

backgrounds. Further, and in addition to noted developmental and sociocultural implications, 

results from this study stress the need for future research aimed at identifying early risk 

markers of psychopathy in order inform prevention and treatment efforts during earlier 

periods of development.4
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Table 3

Assessment age for item thresholds exhibiting significant differences relative to their average (prior variance = 

0.01).

Youngest Cohort Age Middle Cohort Age Oldest Cohort Age

Items

 Exaggerates 8,10,14

 Lying or cheating 11

 Manipulates people 7, 8, 12

 Fast or smooth talker 7, 8 13

 Doesn’t seem to feel guilty after misbehaving 14, 16

 Cruelty, bullying, or meanness to others 13, 16

 Teases a lot 7, 8, 12, 14 13, 16

 Cannot always trust what he says

 Sudden changes in mood or feelings

 Impulsive or acts without thinking 7, 11 13

 Wants to have things right away

 Behaves irresponsibly 7, 8, 13, 14 13

 Easily frustrated, demands must be met immediately 13, 15

 Behaves explosively and unpredictably

Notes. Only threshold parameters are displayed, as there was no evidence of item loading invariance for any cohort across assessments.
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