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ABSTRACT 

Reinhard, Ellen Elizabeth, Using latent profile analysis to identify response style 

subgroups on the Personality Assessment Inventory (PAI): Implications for predictive 

validity. Doctor of Philosophy (Clinical Psychology), August 2022, Sam Houston State 

University, Huntsville, Texas. 

 

Many self-report multiscale personality measures incorporate validity scales to 

allow clinicians and researchers to assess the trustworthiness of evaluee responses. 

However, the conventional scale-by-scale cut-score approach to validity scale 

interpretation is limiting because (1) there are multiple validity scales on the most 

popular measures, leading to the possibility of many different validity profiles across 

scales, and (2) it presumes a strong—but typically untested—moderating effect of 

response style on the association between substantive clinical scales and outcomes. In the 

current study, I performed a Latent Profile Analysis with the Personality Assessment 

Inventory (PAI; Morey, 1991) validity scale scores from 1,506 male Sexually Violent 

Predator (SVP) evaluees to sort offenders into response-style subgroups. The best fitting 

model was a four-class model: Honest Responders (n = 405, 26.89%), Positive 

Impression (n = 777, 51.59%), Negative Impression (n = 122, 8.10%) and 

Disengagement/Inattention (n = 202, 13.41%). I then examined whether response-style 

group membership moderated the association between select PAI scales (ANT, AGG, 

VPI, BOR, INT and EXT) and post-release recidivism. There were five statistically 

significant interaction effects across the 24 models, but the pattern of effects differed 

across models and there was no evidence of a consistent pattern of moderating effects. 

Overall, this study lends support to the utility of the PAI validity scales to delineate four 

theoretically consistent response styles. However, results from this study only minimally 
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support the presumed strong moderating effect of response style which has primarily 

driven the conventional cut-score approach to validity scale interpretation. 
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CHAPTER I 

Introduction 

Many self-report multiscale personality measures incorporate validity scales to 

allow clinicians and researchers to assess the trustworthiness of evaluee responses. Each 

scale is designed to assess a specific response style, with the four most common response 

styles being random responding, inconsistent responding, negative distortion, and 

positive distortion (Sellbom & Bagby, 2008). These types of scales are sometimes 

described using the broader term of validity scales because their overarching purpose is 

to identify protocols that cannot be interpreted (i.e., are invalid) due to concerns about 

response style. The validity of responses on self-report instruments is of particular 

importance in forensic cases, as evaluees often have external motivation to distort their 

responses (see Otto, 2002). In some cases, the motivation may be to appear severely ill or 

otherwise impaired (e.g., insanity, emotional injury), in others the motivation may be to 

appear symptom free (e.g., custody, risk assessment).  

Researchers have estimated that the prevalence of malingering in criminal 

forensic cases ranges from 10% to 25% (Rogers et al., 1998; Rogers et al., 1994; Cornell 

& Hawk, 1989; Lewis et al., 2002; Heinze, 2003). Although forensic evaluators can use 

measures specifically designed to detect feigning when they suspect malingering (e.g., 

SIRS-2; Rogers et al., 2010), many also use multiscale inventories in these cases, 

especially inventories with imbedded validity scales (see Borum & Grisso, 1995; 

McLaughlin & Kan, 2014). For example, one study of more than 100 forensic evaluators 

found that 57% reported using multiscale inventories frequently or almost always when 

assessing response style (McLaughlin & Kan, 2014).  
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The conventional approach for using validity scale scores is to use manual 

recommended cut scores to classify the entire profile as either valid or invalid. If the 

profile is deemed invalid, the clinician does not interpret scores on any clinical or content 

scales from the measure. If the profile is deemed valid, the clinician provides an 

interpretation, sometimes urging caution if the validity scale scores are elevated but not in 

the invalid range. This approach has been criticized by scholars who have argued that the 

real-world utility of validity scale cut scores is not supported by research, indicating 

weaker construct validity for clinical scale scores when validity scale scores are in the 

invalid range (Piedmont et al., 2000). There is also a considerable possibility that validity 

scale scores used to classify profiles as invalid are capturing—to some extent—

meaningful aspects of personality and psychopathology (Diener et al., 1991; Morey et al., 

2002). Use of the cut-score approach is also complicated by the presence of multiple 

validity scale scores on most measures, leading to the possibility of many different 

validity scale profiles for the same measure.  

 Although many studies show that research participants believed to be feigning 

score higher on self-report measure validity-scale scores than those presumed to be 

responding honestly (e.g., Rogers et al., 2003; Hawes & Boccaccini, 2009; Sharf et al., 

2017), most researchers report separate analyses for each individual validity scale score 

and do not consider patterns of scores across multiple scales. Moreover, few studies have 

examined whether clinical and content scale scores from evaluees with elevated validity 

scale scores actually possess weaker concurrent or predictive validity than those from 

evaluees with lower scorers. In other words, few studies have examined whether validity 

scale scores moderate the association between the clinical scales, which are the main 
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focus of multiscale inventories, and important concurrent or future outcomes (e.g., 

diagnosis, prognosis, risk). The cut-score approach appears to presume a strong 

moderating effect, assuming clear associations between clinical scale scores and 

outcomes when the profile is valid and no association when the profile is invalid. Results 

from studies that have examined this moderation question have produced mixed results, 

with some studies finding a moderating effect for validity scale scores (e.g., Edens & 

Ruiz, 2005, 2006; Gardner & Boccaccini, 2017) and others finding no moderating effect 

(Piedmont, et al., 2000; McGrath et al., 2010).  

In the current study, I considered whether classifying evaluees into empirically 

defined response-style subgroups based on their scores across validity scales provided 

more useful information for clinical practice than following the scale-by-scale cut-score 

approach described in manuals and used by practitioners. Specifically, I used Latent 

Profile Analysis (LPA) with validity scale scores from a widely used multiscale inventory 

[Personality Assessment Inventory (PAI), Morey, 1991, 2007] to classify risk assessment 

evaluees into empirically derived response-style subgroups, and then examined whether 

associations between clinical scale scores and measures of concurrent and predictive 

validity differed for the response style subgroups. This subgroup approach could result in 

fewer profiles being deemed invalid, and a more nuanced picture of profile validity.  

PAI Validity Scales and Indices 

Many multiscale inventories include imbedded validity scales to assist in the 

interpretation of evaluee response profiles. The four main response styles that are the 

focus of multiscale inventories include random responding, inconsistent responding, 

negative distortion (overreporting of symptomology) and positive distortion 
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(underreporting of symptomology) (Sellbom & Bagby, 2008). The PAI, which is the 

focus of this study, includes validity, index, and discriminant function designed to assess 

each of these four response styles.  

The PAI is a multiscale, self-report, 344-item broadband inventory that provides 

scores on 11 clinical scales, five treatment scales, two interpersonal scales, and four 

validity scales. Although Morey (1991) designed the PAI to include four validity scales, 

there are now as many as eleven PAI scales designed to aid in response-style 

interpretation. The four PAI validity scales are Inconsistency (INC), Infrequency (INF), 

Negative Impression Management (NIM), and Positive Impression Management (PIM). 

Validity scales consist of items specifically generated for assessing response style on the 

PAI. PAI supplemental scores are based on a combination of validity and clinical scales. 

These include index scores [Malingering Index (MAL), Defensiveness Index (DEF)], 

which are based on patterns of scale and subscale cut scores, and discriminant function 

scores [Roger’s Discriminant Function (RDF), Cashel’s Discriminant Function (CDF)], 

which are based on weighted combinations of scale and subscale scores. Additionally, 

Morey and Hopwood (2004) developed a protocol for assessing random responding on 

the back portion of the assessment only.  

Researchers have also developed two additional measures for detecting over-

reporting on the PAI: the Negative Distortion Scale (NDS; Mogge et al., 2010) and the 

Multiscale Feigning Index (MFI; Gaines et al, 2013). These scales are based on 

combinations of scale (MFI) or item (NDS) scores that researchers have found to be 

empirically related to feigning. Although these scores are not included as part of standard 
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scoring procedures, they are straightforward to calculate when scale (MFI) or item scores 

(NDS) are available.  

Random and Inconsistent Responding 

Assessing random and inconsistent responding on a multiscale measure is 

imperative, as it speaks to the level of care and attention the evaluee is taking when 

answering the questionnaire. There can be multiple reasons that an individual appears to 

be responding randomly or inconsistently including carelessness, confusion, illiteracy, or 

even language barriers. The PAI has one validity scale to detect inconsistent responding 

and one to assess random responding. The Inconsistency (INC) scale was designed to 

assess how similarly an evaluee responds to 10 pairs of items of similar content. The PAI 

manual (Morey, 1991, 2007) indicates that T-scores under 64 are valid, T-scores between 

64 and 72 are moderately elevated and should be viewed with caution, and T-scores over 

73 are elevated and invalid. Research has indicated that INC is effective at identifying 

random responding at various cut points (AUC = .91; Edens & Ruiz, 2005).  

Morey developed the Infrequency (INF) scale to assess random responding 

through atypical item endorsement. The items of the INF scale were selected for their low 

endorsement rate across normal and clinical participants. The PAI manual indicates that 

T-scores under 60 are valid, T-scores between 60 and 74 are moderately elevated and 

should be viewed with caution, and T-scores over 75 are elevated and invalid. Research 

has indicated that INF performs well when detecting random responding (AUC = .95; 

Clark et al., 2003). However, research has also indicated that INF might be slightly 

elevated in correctional settings when compared to community settings, due to particular 

experiences while incarcerated (d = .62; Edens & Ruiz, 2005). Regarding back-random 
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responding, Morey and Hopwood (2004) encourage calculating the difference between 

the PAI short form T-score and the full form T-score on the Suicidal Ideation (SUI) and 

Alcohol Problems (ALC) scales. If the absolute value of both differences is greater than 

five, back random responding should be suspected. Research has demonstrated the 

efficacy of this procedure in community (specificity = .97; Morey & Hopwood, 2004) 

and clinical (specificity = .91; Morey & Hopwood, 2004) samples. In a psychiatric 

sample, the sensitivity of this procedure decreased as the number of randomly responded 

items decreased from 200 (sensitivity = .77) to 50 (sensitivity = .32; Siefert et al., 2007).  

Negative Distortion 

Scores on measures designed to detect negative distortion provide information 

about the extent to which an evaluee is attempting to present themselves in a negative 

light. The PAI has one validity scale specifically designed to assess negative distortion. 

The Negative Impression Management (NIM) scale consists of items that indicate rare 

and often improbable symptoms, with low endorsement in both normal and clinical 

samples. The PAI manual indicates that T-scores under 73 are valid, T-scores between 73 

and 83 are moderately elevated and should be viewed with caution, and T-scores over 92 

are elevated and invalid.  

Although Morey (1991, 2007) designed NIM to provide information about 

impression management, it is not a feigning scale. NIM items are more likely to be 

endorsed in clinical populations than normal populations; consequentially, clinical 

evaluees with severe symptomology are likely to endorse these items and may have 

elevated NIM scores naturally. Meta-analytic findings across studies support the potential 

utility of this scale to differentiate noncoached malingerers from nonmalingerers (d = 
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1.48; see Hawes & Boccaccini, 2009). Hawes and Boccaccini (2009) also reported 

moderate to high effect sizes in populations where less severe impairment (d = 1.25) and 

severe impairment were feigned (d = 2.32). Regarding cut scores, all of the proposed cut 

scores from the manual are associated with moderate to high sensitivity (73T = .74; 84T 

= .58; 92T = .50) and moderate to high specificity (73T = .85; 84T = .89; 92T = 91; see 

Boccaccini & Hart, 2018).  

Regarding supplemental PAI scales, the Malingering (MAL) index is comprised 

of eight PAI profile features (across scale and subscale scores) that are more common 

among individuals simulating mental illness (e.g., extremely high NIM score, extremely 

high Depression score plus an extremely high resistance to treatment). The presence of 

three or more of these features (T-score greater than 83) indicates potential malingering, 

while the presence of five or more of these features (T-score greater than 110) tend to be 

present only in profiles of individuals feigning mental illness. Meta-analytic research 

supports the use of MAL scores for detecting noncoached malingering (d = 1.15; Hawes 

& Boccaccini, 2009). Hawes and Boccaccini (2009) also reported moderate to large 

effect sizes in samples feigning less severe impairment (d = .90) and more severe 

impairment (d =1.89). Regarding cut scores, research has indicated that a cut score of 

110T shows moderate effectiveness (sensitivity = .17, specificity = 1.00) while a cut 

score of 84T shows increased effectiveness (sensitivity = .51, specificity = .93; 

Boccaccini & Hart, 2018).  

Rogers Discriminant Function (RDF) is a weighted combination of 20 PAI 

scales/subscales (e.g., INC, INF, Somatic Complaints, Anxiety) designed to distinguish 

genuine clinical patients from healthy controls simulating mental illness. T-scores greater 
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than 59 (raw scores greater than 0) suggest malingering. Research has substantiated the 

effectiveness of this scale to distinguish uncoached malingerers from nonmalingerers (d = 

1.13; Hawes & Boccaccini, 2009). Hawes and Boccaccini (2009) also reported moderate 

to high effect sizes in samples feigning moderate impairment (d = 1.23) or severe 

impairment (d = 2.03). One limitation of RDF is that scores perform well in simulation 

studies (d = 1.69), but poorly in known-group (i.e., feigning status determined by a 

feigning-specific criterion measure) studies (d = .31; Hawes & Boccaccini, 2009). 

There are also two researcher-derived PAI scales for assessing negative distortion. 

The Negative Distortion Scale (NDS) consists of 15 PAI items that assess rare but 

genuine symptoms that differentiate genuine clinical patients from healthy controls 

exaggerating symptoms (Mogge et al., 2010). The researchers selected these items based 

on their low endorsement rate in both normative and clinical samples. Research indicates 

that a cutoff of 11 has strong sensitivity (.88) and adequate specificity (.62), and a cutoff 

of 13 provides both strong sensitivity (.85) and strong specificity (.71; Boccaccini & 

Hart, 2018). Additionally, other cut scores have indicated promising results (Boccaccini 

& Hart, 2018).  

The Multiscale Feigning Index (MFI) is based on the average T-score across 

seven PAI clinical scales associated with feigning (Somatic, Anxiety, Anxiety-Related 

Disorders, Depression, Mania, Paranoia and Schizophrenia; Gaines et al., 2013). The 

MFI incorporates two components that researchers believe are common among feigners: 

symptom severity and variety of symptom endorsement. When tasked with identifying 

feigners on the SIRS, the MFI performed well (d = 1.60; Gaines, et al., 2013). 

Additionally, a cutoff of T-scores over 74 identified possible feigners (identified 76% of 
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feigners with a specificity of 75%), while a cutoff of T-scores over 84 identified people 

with a high likelihood of feigning (identified 31% of feigners with a specificity of 98%; 

Gaines et al., 2013). 

Positive Distortion 

Positive distortion scores evaluate the degree to which an evaluee is attempting to 

present him or herself in a positive light, and potentially underreporting their 

symptomology. The PAI includes one validity scale created specifically to assess positive 

distortion. The Positive Impression Management (PIM) scale consists of items in which 

endorsement indicates either a very favorable impression or denies minor common 

shortcomings that most individuals will readily admit. The PAI manual indicates that 

profiles with PIM T-scores under 44 are valid, those with T-scores between 57 and 67 are 

moderately elevated and should be viewed with caution, and those with T-scores over 68 

are elevated. Elevated scores indicate that the profile should be interpreted with caution 

as it is believed that the evaluee is underreporting their shortcomings. Researchers have 

reported strong effect sizes for the ability of scores on this subscale to identify those 

underreporting impairment (d = 1.47 to 1.91; Boccaccini & Hart, 2018). Regarding cut-

scores, research has indicated that a cut score of 57T has strong sensitivity (.81) and 

strong specificity (.81), while a cut score of 68T has poor sensitivity (.41) but strong 

specificity (.98; Boccaccini & Hart, 2018).  

Additionally, the PAI includes two supplemental scales for assessing positive 

distortion. The Defensiveness Index (DEF) is composed of nine profile features that tend 

to be observed among people who are engaging in effortful defensive responding. Similar 

to the MAL index, the more DEF features that are endorsed, the more defensive the 
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evaluee’s responses are presumed to be. The presence of six or more of these features (T-

score greater than 70) indicates overt defensiveness. Research provides generally strong 

support for the ability of DEF scores to identify those underreporting impairment (d = 

1.17 to 1.88), with strong sensitivity and strong specificity for the 63T cut score 

(sensitivity = .81, specificity = .86), and moderate sensitivity and strong specificity for 

the 70T cut score (sensitivity = .67. specificity = .94; Boccaccini & Hart, 2018).  

Cashel Discriminant Function (CDF) scores are based on a weighted combination 

of six PAI scale/subscale scores (e.g., PIM, Borderline Features, Stress) to distinguish 

between defensive and honest responders. The PAI manual indicates that profiles with T-

scores under 48 are valid, those with T-scores between 49 and 54 indicate mild 

defensiveness, those with T-scores between 55 and 69 are moderately elevated and 

should be viewed with caution, and those with T-scores over 70 are elevated. While these 

elevated profiles are not considered invalid, scores in this range indicate that the profile 

likely reflects the way that the evaluee desired to appear as opposed to how they truly 

present. Research has indicated moderate effect sizes for the ability of scores on CDF to 

differentiate between honest responders and those underreporting impairment (d = .63 to 

.94; Boccaccini & Hart, 2018). 

Latent Profile Analysis and the PAI 

Latent Profile Analysis (LPA) is a statistical modeling technique that allows 

researchers to sort individuals into groups (latent classes) based on observed (manifest) 

continuous variables. The groups (latent classes) are conceptualized as measuring 

underlying (latent) continuous variables. Researchers identify the best-fitting LPA model 

based on a comparison of fit indices [i.e., Bayesian Information Criterion (BIC), entropy 
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of the classes, the Lo-Mendell-Ruben adjusted Likelihood Ratio Test (L-M-R LRT) and 

the Bootstrap Likelihood Ratio Test (BLRT)] for models with different numbers of 

classes. The best-fitting model will have a lower BIC value compared to alternative 

models, acceptable entropy (>.70), a significant L-M-R LRT, test and a significant BLRT 

test. The analysis also provides class probabilities for each participant in the dataset (i.e., 

the probability that a particular individual belongs in a proposed latent class), and 

researchers often use these probabilities to assign each participant to a latent class group 

(i.e., class with the highest probability for that participant).  

In the context of response style research, LPA with PAI validity scale scores 

should be able to identify discrete response style classes that can then be compared on 

external criteria. Potential classes include normal responding, random responding, 

underreporting, overreporting, and general defensive responding. Comparing the groups 

on external criteria may show that classifying profiles as valid or invalid is an 

oversimplification, and that clinical scale interpretation may be improved by first placing 

evaluees into their appropriate response style subgroup.  

Existing PAI LPA studies have focused on patterns across clinical and treatment 

scales. For example, Turner et al. (2008) used scores on all of clinical scales in their LPA 

analyses, while de Guzmán et al. (2016) focused on a subset of the clinical scales and 

subscales. The goals of these studies were to identify subgroups/classes of offense and 

personality characteristics in female sex offenders (Turner et al., 2008), and individuals 

receiving treatment for disordered sexual behavior based on psychological symptoms (de 

Guzmán et al., 2016).  
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Other researchers have included a combination of clinical, treatment and validity 

scales in their analyses. For example, Bitting (2016), Galusha (2006) and Ingram et al 

(2019) used scores from all 22 PAI scales, including the NIM, PIM, INF, and INC 

validity scales in their latent profile analyses. Overall, the profiles identified in these 

studies tended to reflect combinations of response style and psychopathology. Bitting 

(2016) used scores from sex offenders screened for Sexually Violent Predator (SVP) 

evaluations (see Boccaccini et al., 2010) and identified four main latent subgroups, two 

solely reflecting psychopathology (i.e., elevated substance use, externalizing 

psychopathology), one reflecting positive distortion (i.e., underreporters), and one 

reflecting a combination of psychopathology and negative distortion (i.e., severe 

psychopathology). The severe psychopathology group was marked by a significantly 

elevated NIM scale combined with significant elevations on select clinical scales (ARD, 

DEP, SCZ and BOR) and at-risk elevations on select treatment consideration scales (i.e., 

AGG, SUI, STR, and NON; Bitting, 2016).  

Galusha (2006) used PAI clinical and INC, INF, NIM and PIM validity scores 

from forensic psychiatric, civil psychiatric and substance abuse patients, and also 

identified four main subgroups: two that reflected psychopathology (alcohol problems, 

depressive/borderline elevations), one that reflected normal/average individuals, and only 

one that reflected a combination of psychopathology and response style (negative 

psychopathology distortion). This latter group was marked by elevations in NIM, 

accompanied by elevations across nine of the clinical scales (PAR, SCZ, SOM, ANX, 

ARD, DEP, BOR, ANT & ALC), and all of the treatment and interpersonal scales 

(Galusha, 2006).  
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Miller et al. (2009) investigated subtypes among male and female sex offenders 

using the PAI clinical scales and select validity scales (i.e., NIM, PIM). They found two 

groups which related primarily to psychopathology (Moderate Psychopathology, 

Drug/Alcohol problems), one group indicative of psychopathology and response style 

(Extensive Psychopathology), and one group indicative of response style (Moderate 

Defensiveness). The Extensive Psychopathology group was marked by elevations on 

NIM, as well as elevations on ANX, ARD, PAR, SCZ and BOR, while Moderate 

Defensiveness was only marked by slight elevations in PIM. 

It is important to note that the majority of these studies (Bitting, 2016; Galusha, 

2006; Turner et al., 2008) eliminated invalid profiles (either based on INC, INF and/or 

NIM cut scores) prior to analyses. In the others (Miller et al., 2009; de Guzmán et al., 

2016), it was unclear whether or not invalid profiles were included in analyses. Further, 

none of these studies examined LPA derived subgroups using only the PAI validity scale 

scores.  

Response Style and Score Interpretation 

Response style typologies can have implications for the predictive validity of PAI 

scores, specifically the clinical and treatment scales presumed to be theoretically 

consistent with risk assessment. Edens and Ruiz (2005; 2006) found evidence for an 

interaction between ANT and PIM, when predicting misconduct among male inmates. 

Specifically, they found that defensive responding weakened the rather strong predictive 

ability of the ANT scale. This interaction was corroborated when ANT was used to 

predict antisocial personality trait diagnoses (Boccaccini et al., 2017). This indicates that, 

presumably, antisocial personality disorder is associated with more modest elevations in 
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ANT when individuals are responding defensively (Boccaccini et al., 2017). 

Additionally, Gardner and Boccaccini (2017) found evidence of moderation effects of 

overreporting, underreporting, and disengagement. The association between ANT scores 

and Psychopathy Checklist-Revised (PCL-R; Hare, 2003) scores was weaker when 

individuals were responding indiscriminately (elevated INF) or exaggeratedly (elevated 

NIM and/or MAL; Gardner & Boccaccini, 2017). However, the predictive validity of 

ANT scores was stronger when participants were responding defensively (elevated PIM 

and/or DEF; Gardner & Boccaccini, 2017).  

Support for the generalizability of these types of findings across samples has been 

mixed. Reidy et al. (2016) found limited evidence of moderating effects for PIM and 

NIM scores when predicting misconduct; however, they did find a main effect for PIM 

scores predicting misconduct, indicating that defensiveness might generally be helpful in 

predicting misconduct. Additionally, Boccaccini et al. (2010) investigated the utility of 

ANT, AGG, DOM and VPI scores to predict recidivism, and found no evidence of any 

moderating effect for PIM scores on predictive validity. Further, Boccaccini et al (2013) 

found support for the ability of NIM and PIM to predict misconduct, independently; 

however, they found no evidence for the interaction between response style and BOR 

when predicting misconduct.  

PAI Predictive Validity in Risk Assessment 

While the research on the interaction effects of response style is mixed, the 

predictive ability of the PAI in forensic samples is well supported. Gardner et al. (2015) 

conducted a meta-analysis investigating the utility of the most theoretically congruous 

PAI scales (ANT, AGG, VPI), as well as some of the lesser validated scales (DOM, 
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WRM, BOR, DRG, ALC), when predicting misconduct, recidivism, and violence in 

general. Regarding institutional misconduct, scores on the ANT (du = .13 to 1.13, mean d 

= .39), AGG (du = -.03 to 1.20, mean d = .37), BOR (du = .02 to .98, mean d = .32), DRG 

(du = -.03 to .91, mean d = .28), and VPI scales (du = .01 to .86, mean d = .26) showed 

small to moderate support (Gardner et al., 2015). Regarding recidivism, scores on the 

ANT (du = .03 to .78, mean d = .31) and AGG scales (du = -.05 to .74, mean d = .23) had 

small to moderate support as well (Gardner et al., 2015). When predicting violent 

behavior, scores on the AGG (du = .09 to 1.59, mean d = .40), VPI (du = <.01 to .75, mean 

d = .28) and ANT scales (du = -.07 to 1.10, mean d = .26) had the most support (Gardner 

et al., 2015). Additionally, Gardner et al.’s (2015) results indicated stronger predictive 

ability in incarcerated samples, compared to treatment samples. 

Boccaccini et al. (2010) examined the predictive validity of ANT, AGG, DOM 

and VPI regarding post release arrests in a sample of SVP evaluees. Regarding sexually 

violent recidivism, scores on the DOM (d =.23) and VPI (d =.21) scales showed small 

support and, regarding violent or sexually violent recidivism, scores on the AGG (d = 

.30) and DOM (d = .32) scales showed small support (Boccaccini et al., 2010). When 

predicting nonviolent, nonsexual recidivism, scores on the DOM (d = .22), VPI (d = .30), 

AGG (d = .34) and ANT (d = .37) scales showed small support as well (Boccaccini et al., 

2010). Regarding violent nonsexual recidivism, scores on the ANT (d = .29), DOM (d = 

.32), VPI (d = .32) and AGG (d = .50) scales showed small to moderate support 

(Boccaccini et al., 2010). When predicting sex offender registry violations, scores on the 

DOM (d = .25), ANT (d = .52), VPI (d = .48) and AGG (d = .55) scales showed small to 

moderate support (Boccaccini et al., 2010).  
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Current Study 

The primary goal of this study was to use Latent Profile Analysis with PAI 

response style measure scores to determine whether offenders can be classified into 

identifiable response style subgroups. I expected to identify four latent subgroups: (a) 

random responding, (b) overreporting, (c) underreporting and (d) honest responding. 

Given the potential benefits of appearing unimpaired in a post-release SVP evaluation, I 

expected that more offenders would be classified as underreporting than overreporting or 

responding randomly. A secondary goal was to examine whether response style group 

membership moderates the association between PAI clinical (e.g., ANT, BOR), treatment 

(AGG), Index (VPI) and Composite (INT, EXT) scores, and post-release recidivism. In 

other words, whether the predictive validity of PAI scores differed for those in different 

response style groups. I expected PAI scores to be stronger predictors of recidivism 

among honest responders than other subgroups. Among the other subgroups, I expected 

predictive effects to be stronger among underreporters than the other subgroups, with the 

scores that indicated relatively high risk in this group possibly being lower than those that 

indicated high risk among the honest responders (see Edens & Ruiz, 2006).       

PAI scores for this study come from a sample of 1,532 male sexual offenders 

screened for civil commitment as Sexually Violent Predators but released because they 

did not meet commitment requirements. Prior research with this sample has examined 

univariate associations between PAI scores and recidivism (Boccaccini et al., 2010), and 

identified latent subgroups using the PAI validity, clinical, and treatment considerations 

scales (Bitting, 2016). Although these prior studies examined latent PAI subgroups and 

recidivism, neither attempted to identify response style subgroups and neither provided a 
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detailed examination of the possible moderating effect of response style on recidivism. 

Moreover, the recidivism data I used for this study was collected more than six years 

after the recidivism data used in the original PAI recidivism study (Boccaccini et al., 

2010), allowing for an updated examination (e.g., longer follow-up period, higher 

recidivism base rate) of the association between PAI scores and recidivism. 
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CHAPTER II 

Method 

Participants 

Participants were male Texas Department of Criminal Justice inmates screened 

for civil commitment under the state’s Sexually Violent Predator (SVP) statute (Texas 

Health & Safety Code, Title 11, Chapter 841). SVP laws allow certain states to civilly 

commit sexual offenders after they have served their prison sentence, if they are deemed 

to pose a high risk for sexual re-offense (see Miller et al., 2005). Only particular sexual 

offenses make offenders eligible for civil commitment, including completed or attempted 

contact offenses as well as aggravated kidnapping, burglary, or murder if they are 

deemed sexually motivated. In addition to meeting the offense requirement, offenders 

must further be deemed to have a “behavioral abnormality” that predisposes them to 

“predatory acts of sexual violence” (Texas Health & Safety Code, Title 11, Chapter 841).  

During the timeframe of the evaluations for this study (1999 and 2004), 1,983 

Texas offenders were screened for commitment, but not civilly committed (i.e., released; 

see Boccaccini et al., 2009). In a prior study with this sample, researchers found that PAI 

scores and post-release recidivism information were available for 1,532 (77.26%) of 

these offenders (Boccaccini et al., 2010). The reason PAI scores were not available for 

some offenders was not always clear, although correctional records indicated that 57 

offenders were too mentally ill to be tested, 51 refused the evaluation, and 26 produced 

invalid scores (see Boccaccini et al., 2010). Earlier research with this dataset used post-

release arrest data collected in 2007 (Boccaccini et al., 2009; Boccaccini et al., 2010). 

The dataset for the current analyses contains updated recidivism information from 2011, 
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which has also been used to examine the predictive validity of scores from risk and 

psychopathy measures (Boccaccini et al., 2017b; Harris et al., 2017). For the current 

study, 26 of the 1,532 offenders were omitted from analyses due to the unavailability of 

updated post-release arrest data, leading to a final sample of 1,506. The offenders in the 

present sample had a mean age of release of 42.78 (SD = 11.98). Offenders were 

identified in arrest data records as White non-Hispanic (n = 764, 50.70%), White 

Hispanic (n = 420, 27.90%), Black (n = 313, 20.80%), or other/missing (n = 9, <1%).  

Measures 

Personality Assessment Inventory (PAI; Morey 1991, 2007) 

The PAI is a 344-item, self-report instrument designed to assess for general 

personality and psychopathology, with an emphasis on clinical diagnosis and treatment 

planning. Each item is answered on a 4-point Likert scale (1 = not true at all; 2 = slightly 

true; 3 = mainly true; 4 = very true). It was normed on adults ages 18 and older and is 

comprised of four validity scales, 11 clinical scales, five treatment scales, and two 

interpersonal scales.  

Validity Scales. Four scales designed to assess response style were created for the 

PAI: Inconsistency (INC), Infrequency (INF), Positive Impression Management (PIM) 

and Negative Impression Management (NIM). Additionally, four supplemental validity 

scales were calculated from scale and subscale scores: Malingering Index (MAL), 

Defensiveness Index (DEF), Cashel’s Discriminant Function (CDF), and Roger’s 

Discriminant Function (RDF). Additionally, one researcher-derived validity scale 

(Multiscale Feigning Index, MFI; Gaines et al, 2013) was calculated and utilized in the 

current analyses. No profiles were excluded from the analyses; this resulted in a 
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combination of profiles being utilized, including those that would have been deemed 

invalid according to traditional classification methods.  

Clinical, Treatment, and Interpersonal Scales. Eighteen additional scales were 

designed to assess symptomology of clinical constructs (Clinical Scales), areas of 

additional consideration in regard to treatment (Treatment Scales), and characteristics 

associated with relationships (Interpersonal Scales) to provide a comprehensive appraisal 

of a respondent’s unique mental health. While the PAI is broadband in nature, there are 

particular index and composite that have proven empirically interesting in the predication 

of sexually violent re-offense: Antisocial Features (ANT), Aggression (AGG), Violent 

Potential Index (VPI), Borderline Features (BOR), Internalizing Composite (INT), and 

Externalizing Composite (EXT). The Internalizing (INT) and Externalizing (EXT) 

composite scores were developed using correctional samples (Ruiz & Edens, 2008); INT 

is the mean score across six scales (Anxiety, Depression, Somatic Complaints, 

Schizophrenia, Anxiety-Related Disorders, & Suicidal Ideation) and EXT is the mean 

score across seven scales (Antisocial Features, Borderline Features, Alcohol Problems, 

Drug Problems, Aggression, Mania, & Paranoia). Internal consistency for these scales in 

the PAI normative sample were good overall (.82 to .90, Morey et al., 1991, 2007). I 

focused my predictive analyses on these index and composite scales. Descriptive 

statistics for the selected validity, index and composite scales are presented in Table 1. 
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Table 1 

Descriptive Statistics for PAI Validity, Index, and Composite T-Scores: Full Sample (n = 

1,506) 

Scale Mean SD 

Validity Scales 

INC 54.27 10.04 

INF 56.62 10.78 

NIM 51.74 10.58 

PIM 52.18 10.41 

MAL 51.28 10.68 

DEF 50.48 10.64 

CDF 47.56 10.95 

RDF 52.65 10.36 

MFI 51.36 8.03 

Other Scales 

AGG 48.49 9.78 

ANT 56.01 8.09 

BOR 53.30 10.11 

VPI 54.73 12.52 

INT 51.28 8.39 

EXT 53.99 7.88 
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Post Release Arrests 

The post release arrest information for this study was provided by the Texas 

Department of Public Safety in June 2011, representing a four-year update of the arrest 

data used in the earlier PAI recidivism study with this sample (Boccaccini et al., 2010 

used arrest data from June 2007). Follow-up time (i.e., time between release and 

collection of recidivism data) for offenders in this sample ranged from 6.23 to 11.47 

years (M = 8.86, SD = 1.48). The research team used National Crime Information Center 

offense codes to group post-release arrests into four main (nonoverlapping) recidivism 

categories: violent sexual (sexual; e.g., kidnapping of a minor to sexually abuse, rape, 

sexual assault), violent nonsexual (violent; e.g., assault, murder, robbery), nonviolent and 

nonsexual (e.g., probation violation, substance related charges, weapons possession), and 

sex offender registry violations. As of June 2011, 514 (34.10%) offenders had been 

arrested for a new offense: sexual (n = 61, 4.10%), violent (n = 124, 8.20%), nonviolent 

and nonsexual (n = 330, 21.90%) and registry violations (n = 246, 16.30%). 
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CHAPTER III 

Results 

Latent Profile Analysis 

I conducted a series of LPAs with PAI validity scale scores (INC, INF, NIM, 

PIM, MAL, DEF, RDF, CDF, and MFI) to identify response-style subtypes. To facilitate 

interpretation, I converted all PAI validity scale scores into linear T-scores prior to the 

LPA.  

I began the LPA analyses with a one-class solution and then added one additional 

class to each subsequent model (up to seven classes). I then compared the models using 

Bayesian Information Criterion (BIC), entropy, the Lo-Mendell-Ruben adjusted 

Likelihood Ratio Test (L-M-R LRT) and the Bootstrap Likelihood Ratio Test (BLRT) 

values (see Table 2). Overall, better models will have lower BIC, higher entropy, and 

significant L-M-R LRT and BLRT tests. BIC is the best indicator, compared to other fit 

indices, according to Nylund-Gibson and Masyn (2016). Using simulation studies, 

Nylund and Masyn (2008) determined that BIC does a better job of identifying the 

correct latent class model than other fit indices. Models were estimated using MPlus 

Version 8 (Muthén & Muthén, 1998-2017), using the Expectation-Maximization (EM) 

algorithm, to compute maximum likelihood estimates of the model parameters. 

 

 

 

 

 

 

 



 

 

Table 2 

 

Model Fit Criteria for One to Seven Class Models for PAI Validity Scales, for Models Accounting for Overlapping Item Content (Not 

Bolded) and Models Not Accounting for Overlapping Item Content (Bolded)  

   Note. * p <.0.05. ** p <0.001. 

Model Log 

likelihood 

Number of parameters BIC Entropy L-M-R LRT (p) BLRT (p) 

1 Class LPA  -49,946.804 24 100,069.222 NA NA NA 

1 Class LPA  -50,753.189 18 101.638.088 NA NA NA 

2 Class LPA -49,123.689 34 98,496.162 0.949 0.0000** 0.0000** 

2 Class LPA -49,803.410 28 99,811.702 0.925 0.0001** 0.0000** 

3 Class LPA  Not replicated 44 98,179.713 0.912 0.049* 0.0000** 

3 Class LPA -49,275.828 38 98,829.709 0.866 0.0000** 0.0000** 

4 Class LPA  -48,783.874 54 97,962.878 0.848 0.0001** 0.0000** 

4 Class LPA -48,845.163 48 98,041.551 0.851 0.0021* 0.0000** 

5 Class LPA -48,647.924 64 97,764.150 0.797 0.7318 *** 

5 Class LPA -48,701.548 58 97,827.494 0.848 0.3850 0.0000** 

6 Class LPA -48,355.188 74 97,251.850 0.891 0.1648 0.0000** 

6 Class LPA -48,554.833 68 97,607.236 0.830 0.5037 0.0000** 

7 Class LPA Not Replicated  84 97,192.741 0.879 Could not be 

calculated 

Could not be 

calculated 

7 Class LPA Not Replicated 78 97,414.920 0.814 0.6171 0.0000** 

2
4
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I expected these LPA models to violate the assumption of conditional 

independence as the PAI supplemental scores are often based, in part, on validity scale 

scores, which were also included as separate variables in the same analysis. For example, 

the calculation of MAL includes INF and NIM. The calculations of DEF and CDF 

include PIM. The calculation of RDF includes INC and INF. To address these 

independence concerns, I calculated one set of models accounting for the overlapping 

scale content and compared the fit and ease of convergence for these models to those 

from models without this accommodation. The models accounting for item overlap 

relaxed the local independence assumption by allowing the aforementioned supplemental 

scores to correlate (e.g., MAL with INF, MAL with NIM). When these two sets of 

models were compared, the models accounting for the overlapping item content did not 

markedly improve the model (see Table 2). Because the original models (without 

accommodation) were more parsimonious (i.e., fewer parameters without sacrificing fit), 

they were favored and utilized during the subsequent analyses. 

Latent Class Enumeration 

As predicted, the best-fitting model was the four-class model. Examination of the 

fit indices in Table 2 indicates that, relative to the models with fewer classes, the four-

class model had a smaller BIC but similar entropy. Furthermore, the L-M-R LRT and the 

BLRT were statistically significant, indicating that this four-class solution was a better fit 

to the data compared to the three-class solution. Relative to the four-class model, the five-

class model provided a smaller BIC value and a very similar entropy value, however it 

also produced a nonsignificant L-M-R LRT.  
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In addition, Muthén (2003) argues that substantive, as well as statistical, 

considerations should guide the decision on the number of classes to retain in the final 

model. As described more fully below, the four-class model provided more theoretically 

consistent yet parsimonious groups than the five-class solution. For example, there were 

two “honest” groups (i.e., no elevations) in the five-class solution, compared to only one 

“honest” group in the four-class solution. For these statistical and substantive reasons, 

these results indicated that the four-class model provided the best representation of the 

data.  

Description of the Four-Class LPA Model 

Class-specific means and standard deviations for the PAI scores of the four latent 

classes are provided in Table 3 and plotted in Figure 1. There was evidence of an Honest 

Responders class (n = 405, 26.89%) marked by the absence of notable elevations across 

the validity measures. There was also evidence for a Positive Impression class (n = 777, 

51.59%) marked by moderate elevations on PIM and DEF, but not other validity scales. 

The third and fourth classes had more notable elevations, with the Negative Impression 

class (n = 122, 8.10%) marked by clear elevations on NIM and MFI, and the 

Disengagement/Inattention class (n = 202, 13.41%) marked by elevated INC and INF 

scores. The emergence of these four latent subgroups was consistent with my hypotheses. 

Additionally, as predicted, the Positive Impression group was the largest group. 

  



 

 

Table 3 

Class Means, Standard Deviations and Variances of Most Likely Class Membership for the Four-Class Model  

 Class 1 

Honest 

Responding  

Class 2 

Negative 

Impression  

Class 3 

Positive 

Impression  

Class 4 

Disengagement/

Inattention  

C1 

vs. 

C2 

C1 

vs. 

C3 

C1 

vs. 

C4 

C2 

vs. 

C3 

C2 

vs. 

C4 

C3 

vs. 

C4 

               
               PAI Validity Scale  M (SD)  M (SD)  M (SD)  M (SD)  d d d d d d 

               
                n = 405  n = 122  n = 777  n = 202        

               
Inconsistency (INC) 

Infrequency (INF) 

Negative Impression 

Management (NIM) 

Positive Impression 

Management (PIM) 

55.03 (8.39)  58.98 (9.41)  50.02(7.81)  66.29 (9.72)  -0.40 0.63 -1.27 1.11 -0.76 -1.97 

52.88 (8.60)  61.34 (13.61)  54.53 (8.59)  69.32 (10.26)  -0.85 -0.19 -1.79 0.72 -0.69 -1.65 

52.04 (6.45)  78.91 (10.46)  46.91 (4.38)  53.27 (8.55)  -3.55 0.99 -0.17 5.71 2.75 -1.16 

 

42.09 (6.77) 

  

40.24 (9.86) 

  

57.50 (6.43) 

 

 

 

59.16 (7.14) 

  

0.25 

 

-2.35 

 

-2.48 

 

-2.47 

 

-2.29 

 

-0.25 

Malingering Index 

(MAL) 

51.56 (10.92)  51.15 (10.72)  51.09 (10.41)  51.53 (11.21)  0.04 0.04 0.00 0.01 -0.03 -0.04 

Multiscale Feigning 

Index (MFI) 

54.51 (5.58)  68.07 (5.54)  46.39 (4.56)  54.08 (5.40)  -2.43 1.65 0.08 4.61 2.57 -1.62 

Defensiveness Index 

(DEF) 

39.55 (6.63)  41.80 (8.33)  56.21 (7.55)  55.59 (7.63)  -0.32 -2.30 -2.30 -1.88 -1.75 0.08 

Cashel Discriminant 

Function (CDF) 

42.70 (10.57)  53.00 (13.02)  46.81 (9.31)  56.88 (9.05)  -0.92 -0.42 -0.71 0.63 -0.36 -1.09 

Roger’s Discriminant 

Function (RDF) 

50.52 (9.31)  55.73 (11.88)  49.81 (7.64)  66.00 (9.67)  -0.52 0.08 -1.64 0.71 -0.97 -2.00 

               
               Note. Cohen’s d values in bold are statistically significant at p < .05. d values in bold and italics are statistically significant at  

p < .01. 

2
7
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Table 3 provides mean PAI validity scale scores for offenders in each of the four 

response style groups, as well as Cohen’s d effect size values to indicate differences 

between groups. There were a number of large-to-moderate sized and statistically 

significant differences between the groups, especially between Class 1 (Honest 

Responding) and Class 2 (Negative Impression; d = 0.25 to 3.55), and Class 3 (Positive 

Impression) and Class 4 (Disengagement/Inattention; d = 0.25 to 2.00). Specifically, the 

Negative Impression group scored significantly higher than honest responders on all PAI 

validity scales, except for PIM and MAL; honest responders scored significantly higher 

on PIM (d = 0.25) than the Negative Impression group. Additionally, responders in the 

Disengagement/Inattention group scored significantly higher than the Positive Impression 

group across almost all of the validity scales; these two groups did not differ significantly 

on MAL or DEF. Notably, none of the groups differed significantly on MAL (d = 0.00 to 

0.04). 

Overall, responders in the Disengagement/Inattention group scored significantly 

higher than all of the other groups on INC (d = 0.74 to 1.97), INF (d = 0.69 to 1.79), PIM 

(d = 0.25 to 2.48), CDF (0.36 to 1.09) and RDF (d = 0.97 to 2.00).  
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Figure 1  

Profile Plot of PAI Mean Scores for the Four-Class Solution

 

Note. INC = Inconsistency; INF =Infrequency; NIM = Negative Impression 

Management; MFI = Multiscale Feigning Index; PIM = Positive Impression 

Management; CDF = Cashel’s Discriminant Functioning. 
 

Moderation Analyses 

I used hierarchical logistic regression models to examine whether group 

membership significantly moderated the association between PAI predictor scale score 

(e.g., AGG, ANT, BOR, VPI, INT, EXT) and recidivism (violent sexual, violent 

nonsexual, nonviolent/nonsexual and registry violations; outcome variables). I centered 

all continuous predictor variables (e.g., AGG, ANT, BOR, VPI, INT, EXT) for use in the 

regression analyses. I conducted a separate analysis for each of these continuous 

predictor variables.  
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Positive and statistically significant regression coefficients in the regression 

model would indicate that those with higher levels of the trait (AGG, ANT, BOR, VPI, 

INT, EXT) were more likely to reoffend than those with lower levels of the trait. With 

respect to effect size, hierarchical logistic regression provides an odds ratio, reported as 

Exp(β), which, in the context of this study, provides information about how the odds of 

recidivism increase (an Exp(β) value greater than 1.00) or decrease (an Exp(β) value less 

than 1.00) with a one unit increase in the predictor variable.  

For each analysis, the first regression model included only the centered PAI 

predictor score and outcome variables. These models examined whether there was a 

significant association between the PAI predictor score and recidivism in the overall 

sample. Table 4 provides regression results from these initial models, for each predictor. 

Notably, none of the PAI predictor scales predicted sexual recidivism. There were, 

however, significant effects for other outcome variables. AGG significantly predicted 

violent recidivism (Exp(β) = 1.04, p < .001), nonviolent/nonsexual recidivism (Exp(β) = 

1.03, p < .001), and registry violations (Exp(β) = 1.04, p < .001). ANT significantly 

predicted violent recidivism (Exp(β) = 1.03, p = .002), nonviolent/nonsexual recidivism 

(Exp(β) = 1.04, p < .001), and registry violations (Exp(β) = 1.04, p < .001). BOR 

significantly predicted violent recidivism (Exp(β) = 1.03, p = .002), nonviolent/nonsexual 

recidivism (Exp(β) = 1.01, p =.024) and registry violations (Exp(β) = 1.03, p < .001). VPI 

significantly predicted violent recidivism (Exp(β) = 1.12, p < .001), nonviolent/nonsexual 

recidivism (Exp(β) = 1.10, p < .001) and registry violations (Exp(β) = 1.14, p < .001). 

INT only significantly predicted registry violations (Exp(β) = 1.03, p < .001). EXT 
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significantly predicted violent recidivism (Exp(β) = 1.05, p < .001), nonviolent/nonsexual 

recidivism (Exp(β) = 1.05, p < .001) and registry violations (Exp(β) = 1.05, p < .001).  

Table 4 

Summary of Logistic Regression Models Examining the Association Between PAI 

Predictor Scales and Recidivism  

 B  SE  Exp(β)  95% CI p 
                  Violent Recidivism 

AGG       0.04**  0.01  1.04  1.03-1.06 <0.001 

ANT 0.03*  0.01  1.03  1.01-1.05 0.002 

BOR 0.03*  0.01  1.03  1.01-1.05 0.002 

VPI        0.11**  0.03  1.12  1.05-1.18 <0.001 

INT           0.01  0.01  1.01  0.99-1.03 0.338 

EXT           0.05**  0.01  1.05  1.03-1.07 <0.001 

Sexual Recidivism 

AGG 0.01  0.01  1.01  0.98-1.03 0.630 

ANT 0.00  0.12  1.00  0.97-1.03 0.856 

BOR -0.00  0.01  1.00  0.97-1.02 0.916 

VPI 0.03  0.05  1.03  0.94-1.12 0.542 

INT -0.00  0.02  1.00  0.97-1.03 0.796 

EXT 0.01  0.02  1.01  0.97-1.04 0.724 

Nonviolent/Nonsexual Recidivism 

AGG        0.03**  0.01  1.03  1.02-1.04 <0.001 

ANT       0.04**  0.01  1.04  1.03-1.05 <0.001 

BOR 0.01*  0.01  1.01  1.00-1.03 0.024 

VPI        0.10**  0.02  1.10  1.06-1.15 <0.001 

INT           0.01  0.01  1.01  0.99-1.02 0.435 

EXT        0.05**  0.01  1.05  1.03-1.06 <0.001 

Registry Violations 

AGG 0.04**  0.01  1.04  1.03-1.06 <0.001 

ANT 0.04**  0.01  1.04  1.03-1.06 <0.001 

BOR 0.03**  0.01  1.03  1.02-1.05 <0.001 

VPI 0.13**  0.02  1.14  1.09-1.19 <0.001 

INT          0.03*  0.01  1.03  1.01-1.04 0.001 

EXT 0.05**  0.01  1.05  1.04-1.07 <0.001 

     Note: *p < .05 **, p < .001.
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I used a second set of regression models to examine the possible moderating 

effect of latent class membership on the association between PAI predictor scales and 

recidivism. Each model included the PAI centered predictor scale score, the moderator 

variable (three dummy-coded variables to indicate class membership), a group of 

interaction terms (i.e., group membership variables multiplied by the centered predictor), 

and the outcome variables. For these analyses, I dummy coded the categorical 

classification variable using the Honest group as the reference group (DUM1 Positive 

Impression = 1; DUM2 Negative Impression = 1; DUM3  Disengagement/Inattention = 

1). A statistically significant regression coefficient for an interaction term (or the group of 

terms together), would indicate a moderation effect. Detailed results from these models 

are provided in the Appendix (Tables 1-4).  

There were five statistically significant interaction effects across the 24 models. 

There was one for violent recidivism, three for nonviolent/nonsexual recidivism, and one 

for registry violations. There was no evidence of a statistical interaction between ANT or 

BOR, and any type of recidivism.  

The first interaction showed a smaller predictive effect for Honest responders than 

those in the other three subgroups (Figure 2). Specifically, there was a statistically 

significant interaction between AGG scores and response style group for violent 

recidivism. The interaction was significant for the term comparing individuals belonging 

to the Negative Impression group to those in the Honest Responders group [b = .0784, SE 

= .0342, Z = 2.295, p =.028] (see Figure 2). Specifically, while there was a slight positive 

relationship between aggression and violent recidivism for Honest responders, the 

association was significantly stronger for those in the Negative Impression group.  
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Figure 2  

Interaction Plot of AGG Predicting Violent Recidivism 

 
There were two interaction effects indicating weaker predictive effects for the 

Disengagement/Inattention group than those in the other groups (Figure 3 and Figure 4). 

Specifically, there was a statistically significant interaction between VPI scores and 

response style group for nonviolent, nonsexual recidivism (Figure 3). The interaction 

term was statistically significant for the dummy coded variable comparing offenders in 

the Honest subgroup to those in the Disengagement/Inattention group [b = -.2970, SE = 

.0945, Z = -3.1416, p = .002]. Specifically, while there was a strong positive association 

between VPI and nonviolent, nonsexual recidivism for those in the Honest group, there 

was a negative relationship for those in the Disengagement/Inattention subgroup.  
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Figure 3  

Interaction Plot of VPI Predicting Nonviolent/Nonsexual Recidivism 

 
 

The second interaction indicating a weaker effect for those in the 

Disengagement/Inattention subgroup was for the association between EXT scores and 

nonviolent, nonsexual recidivism (Figure 4). Specifically, there was a statistically 

significant effect for the interaction term comparing the effect for Honest responders to 

those in the Disengagement/Inattention group [b = -.0721, SE = .0363, Z = -1.9856, p 

=.047]. While there was a clear positive relationship between EXT scores and nonviolent, 

nonsexual recidivism for those in the Honest responding subgroup, the positive 

association was significantly weaker for those in the Disengagement/Inattention group.  
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Figure 4  

Interaction Plot of EXT Predicting Nonviolent/Nonsexual Recidivism 

 

There was also one interaction indicating a stronger predictive effect for those in 

the Disengagement/Inattention subgroup. Specifically, there was a statistically significant 

interaction between AGG scores and response style group for predicting registry 

violations. The significant effect was for the dummy coded variable comparing offenders 

in the Honest subgroup to those in the Disengagement/Inattention group [b = .0562, SE = 

.0268, Z = 2.096, p =.036] (see Figure 5). Specifically, there was a notably stronger 

positive association between AGG scores and registry violations for those in the 

Disengagement/Inattention subgroup than those in the Honest subgroup.  
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Figure 5  

Interaction Plot of AGG Predicting Registry Violations 

 

 

Finally, there was one interaction effect indicating a stronger effect for those in 

the Negative Impression group than those in other subgroups. Specifically, there was a 

statistically significant interaction effect between INT and response style subgroup for 

nonviolent, nonsexual recidivism (Figure 6). The interaction term was statistically 

significant for the dummy coded variable comparing individuals belonging to the Honest 

and Negative Impression subgroups [b = .0953, SE = .0366, Z = 2.6025, p = .009]. While 

there was a clear positive association between INT scores and recidivism for those in the 

Negative Impression subgroup, there was only a very slight positive association in 

Honest responders and a negative association for the two other subgroups.  
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Figure 6  

Interaction Plot of INT Predicting Nonviolent/Nonsexual Recidivism  

  



38 

 

 

CHAPTER IV 

Discussion 

While measures exist to specifically measure malingering, the majority of 

forensic evaluators prefer multiscale inventories with imbedded validity scales (Borum & 

Grisso, 1995; McLaughlin & Kan, 2014). The PAI is a broadband, multi-scale inventory 

with a wealth of research providing support for the predictive ability of its clinical scales 

(Boccaccini et al., 2010; Gardner et al., 2015). The PAI also has 11 scales designed to aid 

in response-style interpretation, as well as clinical, treatment, and interpersonal scales, 

making it a valuable forensic measure.   

Assessing for response style is particularly relevant in forensic cases, due to the 

inherent, external motivation to distort (see Otto, 2002). Historically, validity scores 

serve to weed out uninterpretable profiles, with the premise that invalid scores on validity 

scales impact the real-world predictability of clinical scales. However, this assertion rests 

on the assumption that the embedded validity scales of the PAI delineate real-world 

response style groups, and these groups will impact the predictive validity of the non-

validity scales.  

Response-Style Groups 

Existing PAI LPA studies have focused on patterns across clinical and treatment 

scales (Turner et al., 2008; de Guzmán et al., 2016), clinical, treatment, and validity 

scales (Galusha, 2006; Bitting, 2016; Ingram et al., 2019), and clinical and validity scales 

(Miller et al., 2009). Those that incorporated validity scales in their analyses generally 

found groups that reflected combinations of response style and psychopathology; 

however, some found evidence for distinct response style groups, primarily positive 



39 

 

 

distortion and honest responding. Although these prior studies examined latent PAI 

subgroups, none have attempted to identify subgroups on the PAI utilizing only response-

style scales. 

The findings from this study are consistent with four theoretically congruous 

response styles: Honest responders, Positive Impression management, Negative 

Impression management and Disengagement/Inattention. Overall, the findings from this 

study lend real-world support to theoretical response styles. They also not only lend 

support to the response style scales of the PAI, but also the response style scales of 

numerous other measures. However, the findings of this study also indicate that some 

scales are more effective than others for identifying response style subtypes. For 

example, none of the latent groups differed on MAL, suggesting that scores on this 

measure may capture aspects of multiple response style domains.  

PAI’s Predictive Validity 

Research has identified several PAI scales that are associated with future 

misconduct and recidivism: ANT, AGG, VPI, DOM, WRM, BOR, DRG, and ALC 

(Boccaccini et al., 2010; Gardner et al., 2015). Specifically, ANT, AGG, VPI and BOR 

have shown small to moderate predictive power when predicting most types of 

recidivism, including violent recidivism, sexual recidivism, general recidivism, and 

institutional recidivism/registry violations. Additionally, two other PAI scales are of 

potential interest, as they were derived using correctional samples: INT and EXT. Prior 

research (Ruiz & Edens, 2008; Boccaccini et al., 2013) found that EXT was associated 

with instructional misconduct, while INT was negatively associated with general 

misconduct. 
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Overall, results from the current study are consistent with prior studies with 

respect to predicting violent recidivism, general recidivism, and registry violations. For 

example, AGG, ANT, BOR and VPI significantly predicted violent recidivism, general 

recidivism, and registry violations. Additionally, EXT significantly predicted violent 

recidivism, general recidivism, and registry violations, while INT significantly predicted 

registry violations.  

On the other hand, there was less support for the prediction of sexual recidivism. 

However, this finding is not inconsistent with sexual recidivism research. Regarding the 

predictive ability of the PAI, only DOM and VPI have shown a significant predictive 

ability, and this effect was small (Boccaccini et al., 2010). More broadly, research has 

identified numerous variables (i.e., sexual deviance, treatment noncompliance, history of 

sexual offenses, age of first sexual offense, antisocial personality disorder, number of 

prior offenses) which load onto two main factors associated with sexual recidivism 

(sexual deviance and antisocial beliefs/orientation; Hanson & Bussiѐre, 1998; Quinsey et 

al., 1995; Roberts et al., 2002). While none of the PAI clinical scales selected for 

inclusion in this study significantly predicted sexual recidivism, none of these scales 

measure the aforementioned topics known to be predictive of sexual offending. It is also 

important to consider that this might be impacted by the underrepresentation of this type 

of recidivism in this sample. Of the 514 offenders who reoffended in this sample, only 61 

committed violent, sexual offenses, which represents less than 5% of the total sample. 
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Moderation Analyses 

Another goal of the current study was to investigate whether the predictive 

validity of PAI scores depends on response style. Prior research has come to mixed 

conclusions about this issue (Piedmont et al., 2000; Edens & Ruiz, 2005, 2006; Reidy et 

al., 2016; Gardner & Boccaccini, 2017), with some finding a moderating effect of 

response style (i.e., INF, NIM, MAL, PIM, DEF) on the relationship between ANT and 

PCL-R scores.  

Overall, results from the current study do not lend strong support for a consistent 

moderating effect of response style on predictive validity. Across the 24 moderation 

models in this study, only five were statistically significant. In other words, for 19 of the 

24 analyses, there was no evidence that the strength of the association between a PAI 

scale and a recidivism variable differed depending on response style; the predictive effect 

was similar for those in the Honest, Positive Impression, Negative Impression, and 

Disengagement/Inattention subgroups.  

For some variables, the predictive effect was in the same direction for all groups, 

but stronger for one group in particular. For example, while there was a slightly positive 

relationship between AGG and violent recidivism across all four response style groups, 

this association was significantly stronger in the Negative Impression group. Similarly, 

while there was a positive relationship between EXT and nonviolent, nonsexual 

recidivism, this relationship was significantly stronger in the Disengagement/Inattention 

group. Additionally, the positive relationship between AGG and registry violations was 

significantly stronger in the Disengagement/Inattention group, compared to the positive 

relationship for the other groups. For other variables, the predictive effect for one 
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response style group (or multiple groups) was in the opposite direction. For example, 

while there was a positive relationship between VPI and nonviolent, nonsexual 

recidivism for three of the response style groups, this relationship was negative in the 

Disengagement/Inattention group. Relatedly, Negative Impression group membership 

was associated with a strong positive association between INT symptomology and 

nonviolent, nonsexual recidivism, while the other response style groups were associated 

with either a negative relationship, or a very slight positive relationship.  

Overall, the results from the current study do not lend support to the moderating 

effect of response style, indicating that the concern which drives some of the cut-score 

justification might not be as warranted as previously believed. However, this is the first 

analysis investigating response style in this way, so additional studies examining this 

relationship would need to be conducted to validate the generalizability of these results.  

Limitations and Future Directions 

One limitation of the current study is that the latent groups were created using a 

combination of respondents who would be considered valid and invalid by the traditional 

cut-score approach. In the current study, the mean scores for each of the response groups 

(i.e., NIM for Negative Impression, PIM for Positive Impression, and INC and INF for 

Disengagement/Inattention) were moderately elevated, indicating that their profiles 

should be viewed with caution; none of these average validity scale scores were elevated 

to the point of invalidation, and only one (RDF) was elevated to the point of suggesting 

malingering. Overall, this likely indicates that the response style subgroups generated 

were a combination of valid and invalid profiles (according to traditional classification 

methods). From a theoretical perspective, this approach allowed for the inclusion of 
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profiles across the response spectrum, facilitating a detailed picture of naturally occurring 

response style groups. However, given that some of the profiles included in these 

analyses would not have been interpreted using traditional approaches, it is unclear if 

these response style groups would exist in a real-world scenario after invalid profiles 

were eliminated. Future studies could investigate whether these validity-scale latent 

profiles replicate in a sample of valid profiles. It is also possible that the latent groups 

generated are reflecting a combination of genuine psychopathology and response style, 

specifically the Negative Impression group. Research has indicated NIM scores are 

generally higher in clinical populations, compared to community populations, and 

correlate with many PAI clinical scales (Hopwood et al., 2007). These findings suggest 

that elevated, though not invalid, NIM scores might be a reflection of genuine 

psychopathology, as opposed to feigned impairment. In this sample, while the Negative 

Impression group had the highest NIM mean score among the groups, it was not elevated 

to the point of invalidation. This indicates that perhaps this group was capturing response 

style and genuine psychopathology. 

Conclusion 

Consistent with a vast body of research, the present study suggests that four 

theoretically congruous response styles exist in a real-world sample of offenders: Honest 

responders, Positive Impression management, Negative Impression management and 

Disengagement/Inattention. Further, it lends support to the utility of, most, the PAI 

validity scales to delineate these response styles. Further, the results from this study 

support the existing literature regarding the predictive utility of the PAI scales when 

predicting violent recidivism, general recidivism, and registry violations. Specifically, the 
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results from this study lend strong support for AGG, ANT, BOR, VPI, EXT and INT. 

Conventional cut-score interpretation of the PAI presumes a strong, although virtually 

untested, moderating effect of response style on the association between substantive 

clinical scales and outcomes. However, support for this presumption was minimally 

supported by the results from this study. Three models indicated response style 

membership strengthened the scale-recidivism associations, while two of the models 

indicated response style group membership weakened, or changed the direction of, the 

relationship between scale score and recidivism. These results might indicate that the 

concern which drives some of the rationale for the traditional cut-score procedure might 

not be as justified as previously believed, however, this conclusion is made cautiously as 

this is the first analysis investigating response style in this way.  



45 

 

 

REFERENCES 

Bitting, B. S. (2016). Latent Profile Analysis of Personality Assessment Inventory (PAI) 

scores from sexual offenders referred for civil commitment: Can class 

membership predict recidivism? (Doctoral dissertation, Sam Houston State 

University). 

Boccaccini, M. T., Harris, P. B., Schrantz, K., & Varela, J. G. (2017). Personality 

Assessment Inventory scores as predictors of evaluation referrals, evaluator 

opinions, and commitment decisions in sexually violent predator cases. Journal of 

Personality Assessment, 99(5), 472-480. 

https://doi.org/10.1080/00223891.2016.1269775 

Boccaccini, M. T., & Hart, J. R. (2018). Response style on the personality assessment 

inventory and other multiscale inventories. Clinical Assessment of Malingering 

and Deception, 4, 280-300. 

Boccaccini, M. T., Murrie, D. C., Caperton, J. D., & Hawes, S. W. (2009). Field validity 

of the STATIC-99 and MnSOST-R among sex offenders evaluated for civil 

commitment as sexually violent predators. Psychology, Public Policy, and 

Law, 15(4), 278-314. https://doi.org/10.1037/a0017232 

Boccaccini, M. T., Murrie, D. C., Hawes, S. W., Simpler, A., & Johnson, J. (2010). 

Predicting recidivism with the Personality Assessment Inventory in a sample of 

sex offenders screened for civil commitment as sexually violent 

predators. Psychological Assessment, 22(1), 142-148. 

https://doi.org/10.1037/a0017818 



46 

 

 

Boccaccini, M. T., Rice, A. K., Helmus, L. M., Murrie, D. C., & Harris, P. B. (2017). 

Field validity of Static-99/R scores in a statewide sample of 34,687 convicted 

sexual offenders. Psychological Assessment, 29(6), 611-623. 

https://doi.org/10.1037/pas0000377 

Boccaccini, M. T., Rufino, K. A., Jackson, R. L., & Murrie, D. C. (2013). Personality 

Assessment Inventory scores as predictors of misconduct among sex offenders 

civilly committed as sexually violent predators. Psychological Assessment, 25(4), 

1390-1395. https://doi.org/10.1037/a0034048 

Borum, R., & Grisso, T. (1995). Psychological test use in criminal forensic 

evaluations. Professional Psychology: Research and Practice, 26(5), 465–473. 

https://doi.org/10.1037/0735-7028.26.5.465 

Clark, M. E., Gironda, R. J., & Young, R. W. (2003). Detecting of back random 

responding: Effectiveness of MMPI-2 and Personality Assessment Inventory 

validity indices. Psychological Assessment, 15(2), 223–234. 

https://doi.org/10.1037/1040-3590.15.2.223 

Cornell, D. G., & Hawk, G. L. (1989). Clinical presentation of malingerers diagnosed by 

experienced forensic psychologists. Law and Human Behavior, 13(4), 375-383. 

https://doi.org/10.1007/BF01056409 

De Guzmán, I. N., Arnau, R. C., Green, B. A., Carnes, S., Carnes, P., & Jore, J. (2016). 

Empirical identification of psychological symptom subgroups of sex addicts: An 

application of latent profile analysis. Sexual Addiction & Compulsivity, 23(1), 34-

55. https://doi.org/10.1080/10720162.2015.1095139 



47 

 

 

Diener, E., Sandvik, E., Pavot, W., & Gallagher, D. (1991). Response artifacts in the 

measurement of subjective well-being. Social Indicators Research, 24(1), 35-56. 

https://doi.org/10.1007/BF00292649 

Edens, J., & Ruiz, M. (2005). PAI interpretive report for correctional settings (PAI-CS): 

Professional manual. Psychological Assessment Resources, Inc. 

Edens, J. F., & Ruiz, M. A. (2006). On the validity of validity scales: The importance of 

defensive responding in the prediction of institutional misconduct. Psychological 

Assessment, 18(2), 220–224. https://doi.org/10.1037/1040-3590.18.2.220 

Gaines, M. V., Giles, C. L., & Morgan, R. D. (2013). The detection of feigning using 

multiple PAI scale elevations: A new index. Assessment, 20(4), 437-447. 

https://doi.org/10.1177/1073191112458146 

Galusha, C. S. (2006). Examining PAI Profiles Among Forensic and Civil Psychiatric 

Patients (Doctoral dissertation, Sam Houston State University). 

Gardner, B. O., & Boccaccini, M. T. (2017). Does the convergent validity of the PAI 

Antisocial Features Scale depend on offender response style? Journal of 

Personality Assessment, 99(5), 481-493. 

https://doi.org/10.1080/00223891.2017.1296846 

Gardner, B. O., Boccaccini, M. T., Bitting, B. S., & Edens, J. F. (2015). Personality 

Assessment Inventory scores as predictors of misconduct, recidivism, and 

violence: A meta-analytic review. Psychological Assessment, 27(2), 534-544. 

http://dx.doi.org/10.1037/pas0000065  



48 

 

 

Hanson, R. K., & Bussiѐre, M. T. (1998). Predicting relapse: A meta-analysis of sexual 

offender recidivism studies. Journal of Consulting and Clinical Psychology, 

66(2), 348-362. http://dx.doi.org/10.1037/0022-006X.66.2.348 

Hare, R. (2003). Hare Psychopathy Checklist-Revised (PCL-R): Second edition. Toronto, 

Canada: Multi-Health Systems.  

Harris, P. B., Boccaccini, M. T., & Rice, A. K. (2017). Field measures of psychopathy 

and sexual deviance as predictors of recidivism among sexual offenders. 

Psychological Assessment, 29(6), 639–651. https://doi.org/10.1037/pas0000394 

Hawes, S. W., & Boccaccini, M. T. (2009). Detection of overreporting of 

psychopathology on the Personality Assessment Inventory: A meta-analytic 

review. Psychological Assessment, 21(1), 112-124 

http://dx.doi.org/10.1037/a0015036 

Heinze, M. C. (2003). Developing sensitivity to distortion: Utility of psychological tests 

in differentiating malingering and psychopathology in criminal defendants. 

Journal of Forensic Psychiatry and Psychology, 14(1), 151–177. 

https://doi.org/10.1080/1478994031000077961 

Hopwood, C. J., Morey, L. C., Rogers, R., & Sewell, K. (2007). Malingering on the 

Personality Assessment Inventory: Identification of specific feigned disorders. 

Journal of Personality Assessment, 88(1), 43-48. 

https://doi.org/10.1207/s15327752jpa8801_06 

Ingram, P. B., Sharpnack, J. D., Mosier, N. J., & Golden, B. L. (2019). Evaluating 

symptom endorsement typographies of trauma-exposed veterans on the 



49 

 

 

Personality Assessment Inventory (PAI): A latent profile analysis. Current 

Psychology, 40(11), 1-11. https://doi.org/10.1007/s12144-019-00486-5 

Lewis, J. L., Simcox, A. M., & Berry, D. T. (2002). Screening for feigned psychiatric 

symptoms in a forensic sample by using the MMPI-2 and the Structured Inventory 

of Malingered Symptomatology. Psychological Assessment, 14(2), 170-176. 

https://doi.org/10.1037/1040-3590.14.2.170 

McGrath, R. E., Mitchell, M., Kim, B. H., & Hough, L. (2010). Evidence for response 

bias as a source of error variance in applied assessment. Psychological 

Bulletin, 136(3), 450-470. http://dx.doi.org/10.1037/a0019216 

McLaughlin, J. L., & Kan, L. Y. (2014). Test usage in four common types of forensic 

mental health assessment. Professional Psychology: Research and 

Practice, 45(2), 128–135. https://doi.org/10.1037/a0036318 

Miller, H. A., Amenta, A. E., & Conroy, M. A. (2005). Sexually violent predator 

evaluations: Empirical evidence, strategies for professionals, and research 

directions. Law and Human Behavior, 29(1), 29-54. 

https://doi.org/10.1007/s10979-005-1398-y 

Miller, H. A., Turner, K., & Henderson, C. E. (2009). Psychopathology of sex offenders: 

A comparison of males and females using latent profile analysis. Criminal Justice 

and Behavior, 36(8), 778-792. https://doi.org/10.1177/0093854809336400 

Mogge, N. L., Lepage, J. S., Bell, T., & Ragatz, L. (2010). The negative distortion scale: 

A new PAI validity scale. Journal of Forensic Psychiatry & Psychology, 21(1), 

77-90. 

https://doi.org/10.1037/a0036318


50 

 

 

Morey, L. C. (1991). Personality Assessment Inventory (PAI): Professional manual. 

Psychological Assessment Resources. https://doi.org/10.1037/t03903-000 

Morey, L. C. (2007). Personality Assessment Inventory (PAI): Professional manual (2nd 

Ed.). Psychological Assessment Resources. 

Morey, L. C., & Hopwood, C. J. (2004). Efficiency of a strategy for detecting back 

random responding on the Personality Assessment Inventory. Psychological 

Assessment, 16(2), 197-200. https://doi.org/10.1037/1040-3590.16.2.197 

Morey, L. C., Quigley, B. D., Sanislow, C. A., Skodol, A. E., McGlashan, T. H., Shea, 

M. T., ... & Gunderson, J. G. (2002). Substance or style? An investigation of the 

NEO-PI-R validity scales. Journal of Personality Assessment, 79(3), 583-599. 

https://doi.org/10.1207/S15327752JPA7903_11 

Muthén, B. (2003). Statistical and substantive checking in growth mixture modeling: 

Comment on Bauer and Curran (2003). Psychological Methods, 8(3), 369–377. 

https://doi.org/10.1037/1082-989X.8.3.369 

Muthén, L., & Muthén, B. (2017). MPlus (Version 8) [computer software]. (1998–

2017). Los Angeles, CA: Muthén & Muthén. 

Nylund-Gibson, K., & Masyn, K. E. (2016). Covariates and mixture modeling: Results of 

a simulation study exploring the impact of misspecified effects on class 

enumeration. Structural Equation Modeling: A Multidisciplinary Journal, 23(6), 

782-797. https://doi.org/10.1080/10705511.2016.1221313 

Nylund, K. L., & Masyn, K. E. (2008). Covariates and latent class analysis: Results of a 

simulation study. In society for prevention research annual meeting. 



51 

 

 

Otto, R. K. (2002). Use of the MMPI-2 in forensic settings. Journal of Forensic 

Psychology Practice, 2(3), 71-91. 

https://doi.org/10.1080/10.1300/J158v02n03_05 

Piedmont, R. L., McCrae, R. R., Riemann, R., & Angleitner, A. (2000). On the invalidity 

of validity scales: Evidence from self-reports and observer ratings in volunteer 

samples. Journal of Personality and Social Psychology, 78(3), 582-593. 

https://doi.org/10.1037/0022-3514.78.3.582 

Quinsey, V. L., Lalumière, M. L., Rice, M. E., & Harris, G. T. (1995). Predicting sexual 

offenses. In J. C. Campbell (Ed.), Assessing dangerousness: Violence by sexual 

offenders, batterers, and child abusers. (pp. 114–137). Sage Publications, Inc.  

Reidy, T. J., Sorensen, J. R., & Davidson, M. (2016). Testing the predictive validity of 

the Personality Assessment Inventory (PAI) in relation to inmate misconduct and 

violence. Psychological assessment, 28(8), 871-884. 

http://dx.doi.org/10.1037/pas0000224  

Roberts, C. F., Doren, D. M., & Thornton, D. (2002). Dimensions associated with 

assessments of sex offender recidivism risk. Criminal Justice and Behavior, 

29(5), 569-589. https://doi.org/10.1177/009385402236733 

Rogers, R., Salekin, R. T., Sewell, K. W., Goldstein, A., & Leonard, K. (1998). A 

comparison of forensic and nonforensic malingerers: A prototypical analysis of 

explanatory models. Law and Human Behavior, 22(4), 353-367. 

https://doi.org/10.1023/A:1025714808591 



52 

 

 

Rogers, R., Sewell, K. W., & Gillard, N. D. (2010). Structured Interview of Reported 

Symptoms (SIRS-2). Professional Manual. Odessa, FL: Psychological 

Assessment Resources. https://doi.org/10, 9780470479216. 

Rogers, R., Sewell, K. W., & Goldstein, A. M. (1994). Explanatory models of 

malingering. Law and Human Behavior, 18(5), 543-552. 

https://doi.org/10.1007/BF01499173 

Rogers, R., Sewell, K. W., Martin, M. A., & Vitacco, M. J. (2003). Detection of feigned 

mental disorders: A meta-analysis of the MMPI-2 and 

malingering. Assessment, 10(2), 160-177. 

https://doi.org/10.1177/1073191103010002007 

Ruiz, M. A., & Edens, J. F. (2008). Recovery and replication of internalizing and 

externalizing dimensions within the Personality Assessment Inventory. Journal of 

Personality Assessment, 90(6), 585-592. 

https://doi.org/10.1080/00223890802388574 

Sellbom, M., & Bagby, R. M. (2008). Response styles on multiscale inventories. In R. 

Rodgers (Ed.), Clinical assessment of malingering and deception (Third edition) 

(pp. 182-206). New York, NY, US: Guilford Press. 

Sharf, A. J., Rogers, R., Williams, M. M., & Henry, S. A. (2017). The effectiveness of 

the MMPI-2-RF in detecting feigned mental disorders and cognitive deficits: A 

meta-analysis. Journal of Psychopathology and Behavioral Assessment, 39(3), 

441-455. https://doi.org/10.1007/s10862-017-9590-1 

Siefert, C. J., Kehl-Fie, K., Blais, M. A., & Chriki, L. (2007). Detecting back irrelevant 

responding on the Personality Assessment Inventory in a psychiatric inpatient 



53 

 

 

setting. Psychological Assessment, 19(4), 469-473. https://doi.org/10.1037/1040-

3590.19.4.469 

Texas Health & Safety Code § 841. (2010). 

Turner, K., Miller, H. A., & Henderson, C. E. (2008). Latent profile analyses of offense 

and personality characteristics in a sample of incarcerated female sexual 

offenders. Criminal Justice and Behavior, 35(7), 879-894. 

https://doi.org/10.1177/0093854808318922 

 

 

 



 

 

APPENDIX 

Table 1       

Logistical Regression Results Examining the Potential Moderating Effect of Response Style Classification on the Association 

Between Violent Recidivism and PAI Scales 
       

PAI scales B SE 95% CI of  b Wald p Exp(B) 
              Violent Recidivism (Model R2 = .022, p < .0011) (Block R2 = .017, p < .001) 

AGG .017 .016 [.99, 1.05] 1.70 .28 1.02 

Positive Impression -1.47 .71 [-.06, .92] 4.29 .04 .23 

Negative Impression -.20 .24 [.52, 1.31] .67 .41 .82 

Disengagement/Inattention -.28 .35 [.38, 1.50] .66 .42 .74 

Positive Impression x AGG .08 .03 [1.01, 1.16] 1.27 .02 1.08 

Negative Impression x AGG .03 .02 [.99, 1.08] 2.14 .14 1.04 

Disengagement/Inattention x AGG .06 .04 [1.00, 1.14] 3.44 .06 1.07 
       

Violent Recidivism (Model R2 = .01, p = .07) (Block R2 = .007, p = .033)  

ANT .01 .02 [.97, 1.05] .30 .58 1.01 

Positive Impression -.82 .56 [.15, 1.32] 2.15 .14 .44 

Negative Impression -.31 .24 [.46, 1.16] 1.73 .19 .73 

Disengagement/Inattention -.12 .31 [.49, 1.63] .14 .71 .89 

Positive Impression x ANT .05 .03 [.99, 1.11] 2.37 .12 1.05 

Negative Impression x ANT .02 .03 [.97, 1.08] .45 .50 1.02 

Disengagement/Inattention x ANT .01 .04 [.94, 1.10] .12 .73 1.01 
       

Violent Recidivism (Model R2 = .01, p = .07) (Block R2 = .007, p = .030) 

BOR .01 .02 [.97, 1.06] .36 .57 1.01 

Positive Impression -1.29 .77 [.06, 1.23] 2.87 .09 .27 

Negative Impression -.13 .29 [.50, 1.54] .21 .65 .88 

Disengagement/Inattention -.09 .34 [.47, 1.78] .07 .80 .92 

      (continued) 
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PAI scales B SE 95% CI of  b Wald p Exp(B) 

Positive Impression x BOR .06 .04 [.98, 1.14] 2.36 .12 1.06 

Negative Impression x BOR .03 .03 [.96, 1.09] .62 .43 1.03 

Disengagement/Inattention x BOR .04 .04 [.94, 1.09] .08 .78 1.01 
       

Violent Recidivism (Model R2 = .01, p = .15) (Block R2 = .003, p < .310) 

INT -.03 .03 [.92, 1.02] 1.20 2.73 .97 

Positive Impression -1.28 .90 [.05, 1.62] 2.03 .16 .28 

Negative Impression -.80 .32 [.25, .82] 6.85 .01 .45 

Disengagement/Inattention -.32 .33 [.38, 1.40] .90 .34 .73 

Positive Impression x INT .09 .05 [1.00, 1.21] 3.46 .06 1.10 

Negative Impression x INT -.02 .04 [.90, 1.07] .21 .64 .98 

Disengagement/Inattention x INT .06 .05 .96, 1.18] 1.52 .22 1.06 
       

Violent Recidivism (Model R2 = .02, p = .002) (Block R2 = .014, p < .001) 

EXT .04 .02 [1.00, 1.09] 3.19 .07 1.04 

Positive Impression -.97 .68 [.10, 1.44] 2.04 .15 .38 

Negative Impression -.02 .26 [.59, 1.62] .01 .93 .98 

Disengagement/Inattention -.06 .34 [.48, 1.85] .03 .87 .95 

Positive Impression x EXT .04 .04 [.96, 1.13] .86 .36 1.04 

Negative Impression x EXT .03 .03 [.96, 1.10] .73 .39 1.03 

Disengagement/Inattention x EXT .02 .05 [.92, 1.13] .10 .76 1.12 
       

Violent Recidivism (Model R2 = .01 p = .01) (Block R2 = .012, p = .002) 

VPI .10 .07 [.97, 1.26] 2.40 .12 1.11 

Positive Impression -1.33 .74 [.06, 1.14] 3.19 .07 .27 

Negative Impression -.17 .24 [.53, 1.34] .53 .47 .84 

Disengagement/Inattention -.04 .31 [.53, 1.75] .02 .89 .96 

Positive Impression x VPI .11 .11 .90, 1.39] 1.07 .30 1.12 

Negative Impression x VPI .08 .10 [.98, 1.32] .71 .40 1.09 

Disengagement/Inattention x VPI -.01 .12 [.78, 1.26] .01 .94 .99 

       Note. n = 1,506. 
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Table 2    

Logistical Regression Results Examining the Potential Moderating Effect of Response Style Classification on the Association 

Between Nonviolent Recidivism and PAI Scales 

PAI scales B SE 95% CI of  b Wald p Exp(B) 
       
       Nonviolent Recidivism (Model R2 = .019, p < .0012) (Block R2 = .017, p < .001) 

AGG .04 .01 [1.02, 1.07] 10.44 .00 1.04 

Positive Impression -.55 .40 [.26, 1.27] 1.86 .17 .58 

Negative Impression .19 .17 [.86, 1.71] 1.24 .27 1.21 

Disengagement/Inattention .44 .22 [1.01, 2.37] 4.10 .04 1.55 

Positive Impression x AGG .02 .02 [.98, 1.07] .99 .32 1.02 

Negative Impression x AGG -.02 .02 [.95, 1.02] 1.19 .28 .98 

Disengagement/Inattention x AGG -.01 .02 [.94, 1.03] .34 .56 .99 
       

Nonviolent Recidivism (Model R2 = .03, p < .001) (Block R2 = .026, p < .001)  

ANT .05 .01 [1.02, 1.08] 11.06 .00 1.05 

Positive Impression -.88 .45 [.17, 1.00] 3.88 .05 .42 

Negative Impression .24 .17 [.91, 1.78] 1.98 .16 1.27 

Disengagement/Inattention .46 .21 [1.04, 2.39] 4.58 .03 1.58 

Positive Impression x ANT .04 .03 [.99, 1.10] 2.03 .15 1.04 

Negative Impression x ANT -.00 .02 [.96, 1.04] .00 .96 1.00 

Disengagement/Inattention x ANT -.04 .03 [.92, 1.02] 1.66 .20 .97 
       

Nonviolent Recidivism (Model R2 = .01, p = .04) (Block R2 = .006, p = .055) 

BOR .02 .02 [.99, 1.05] 1.74 .19 1.02 

Positive Impression -.84 .52 [.16, 1.20] 2.60 .11 .43 

Negative Impression .18 .20 [.80, 1.79] .78 .38 1.20 

Disengagement/Inattention .41 .23 [.96, 2.35] 3.20 .07 1.50 

Positive Impression x BOR .04 .03 [.98, 1.10] 1.75 .19 1.04 

Negative Impression x BOR .00 .02 [.96, 1.05] .01 .94 1.00 

Negative Impression x BOR -.04 .03 [.92, 1.02] 1.80 .18 .97 

      (continued) 
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PAI scales B SE 95% CI of  b Wald p Exp(B) 

Nonviolent Recidivism (Model R2 = .04, p < .001) (Block R2 = .002, p = .454) 

INT -.02 .02 [.95, 1.02] .74 .39 .98 

Positive Impression -.32 .47 [.29, 1.83] .47 .50 .72 

Negative Impression .62 .19 [1.27, 2.72] .19 .00 1.86 

Disengagement/Inattention .70 .23 [1.27, 3.17] .23 .00 2.01 

Positive Impression x INT -.03 .03 [.91, 1.04] .03 .37 .97 

Negative Impression x INT -.03 .02 [.93, 1.02] .02 .30 .98 

Disengagement/Inattention x INT -.07 .04 [.87, 1.00] .04 .05 .93 
       

Nonviolent Recidivism (Model R2 = .01, p = .09) (Block R2 = .036, p < .001) 

EXT .10 .02 [1.06, 1.14] 26.08 .00 1.10 

Positive Impression -1.45 .66 [.07, .84] 4.93 .03 .23 

Negative Impression -.26 .20 [.53, 1.14] 1.72 .19 .78 

Disengagement/Inattention .19 .22 [.79, 1.86] .76 .38 1.21 

Positive Impression x EXT .10 .04 [1.02, 1.18] 6.77 .01 1.10 

Negative Impression x EXT -.00 .03 [.94, 1.05] .02 .88 .97 

Disengagement/Inattention x EXT .02 .03 [.96, 1.10] .47 .50 1.02 
       

Nonviolent Recidivism (Model R2 = .03, p < .001) (Block R2 = .022, p < .001) 

VPI .24 .05 [1.15, 1.41] 22.73 .00 1.27 

Positive Impression -.59 .48 [.22, 1.43] 1.49 .22 .55 

Negative Impression .33 .17 [.99, 1.96] 3.71 .05 1.40 

Disengagement/Inattention .48 .21 [1.06, 2.46] 5.06 .02 1.62 

Positive Impression x VPI -.09 .08 [.78, 1.07] 1.21 .27 .91 

Negative Impression x VPI -.06 .07 [.82, 1.09] .66 .42 .94 

Disengagement/Inattention x VPI -.30 .10 [.62, .89] 9.87 .00 .74 

              Note. n = 1,506 
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Table 3       
Logistical Regression Results Examining the Potential Moderating Effect of Response Style Classification on the Association 

Between Sexual Recidivism and PAI Scales  

PAI scales b  SE 95% CI of  b Wald p Exp(B) 
       
       Sexual Recidivism (Model R2 = .004, p = .533) (Block R2 = .002, p = .685) 

AGG -.02 .03 [.92, 1.03] .67 .41 .98 

Positive Impression .31 .62 [.40, 4.63] .25 .62 1.37 

Negative Impression .33 .33 [.72, 2.65] .96 .33 1.38 

Disengagement/Inattention -.23 .50 [.30, 2.11] .21 .64 .79 

Positive Impression x AGG .02 .05 [.94, 1.11] .24 .63 1.02 

Negative Impression x AGG .07 .04 [1.00, 1.15] 3.37 .07 1.07 

Disengagement/Inattention x AGG .02 .06 [.90, 1.15] .08 .78 1.02 
       

Sexual Recidivism (Model R2 = .004, p = .61) (Block R2 = .001, p = .772)  

ANT -.03 .03 [.91, 1.04] .60 .44 .97 

Positive Impression .45 .60 [.48, 5.14] .57 .45 1.58 

Negative Impression .31 .33 [.72, 2.61] .90 .34 1.37 

Disengagement/Inattention -.24 .51 [.29, 2.12] .23 .63 .78 

Positive Impression x ANT .01 .05 [.92, 1.11] .05 .83 1.01 

Negative Impression x ANT .07 .04 [.99, 1.16] 2.56 .11 1.07 

Disengagement/Inattention x ANT -.01 .07 [.86, 1.15] .01 .92 .99 
       

Sexual Recidivism (Model R2 = .002, p = .82) (Block R2 = .001, p = .784) 

BOR -.04 .04 [.89, 1.04] .88 .35 .97 

Positive Impression .04 .92 [.17, 6.31] .00 .96 1.04 

Negative Impression .18 .40 [.55, 2.63] .20 .65 1.20 

Disengagement/Inattention -.44 .56 [.22, 1.91] .63 .43 .64 

Positive Impression x BOR .04 .06 [.93, 1.17] .57 .45 1.05 

Negative Impression x BOR .05 .05 [.96, 1.16] 1.25 .27 1.06 

Disengagement/Inattention x BOR .08 .07 [.95, 1.24] 1.41 .24 1.08 
      (continued) 
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PAI scales b  SE 95% CI of  b Wald p Exp(B) 

Sexual Recidivism (Model R2 = .002, p = .89) (Block R2 = .001, p = .794) 

INT -.05 .05 [.87, 1.05] .89 .35 .96 

Positive Impression -.06 1.16 [.10, 9.21] .00 .96 .94 

Negative Impression .20 .39 [.57, 2.61] .27 .60 1.22 

Disengagement/Inattention -.37 .56 [.23, 2.06] .45 .51 .69 

Positive Impression x INT .06 .07 [.92, 1.23] .70 .40 1.06 

Negative Impression x INT .05 .06 [.93, 1.19] .71 .40 1.05 

Disengagement/Inattention x INT .08 .08 [.92, 1.28] .91 .34 1.08 
       

Sexual Recidivism (Model R2 = .004, p = .62) (Block R2 = .001, p = .696) 

EXT -.03 .04 [.98, 1.05] .60 .44 .97 

Positive Impression .44 .77 [.34, 7.07] .33 .57 1.56 

Negative Impression .34 .35 [.71, 2.79] .98 .32 1.41 

Disengagement/Inattention -.30 .53 [.27, 2.09] .32 .57 .74 

Positive Impression x EXT .02 .07 [.89, 1.16] .06 .80 1.02 

Negative Impression x EXT .08 .05 [.98, 1.20] 2.59 11 1.09 

Disengagement/Inattention x EXT .06 .09 [.89, 1.27] .42 .52 1.06 
       

Sexual Recidivism (Model R2 = .004, p = .57) (Block R2 = .001, p = .693) 

VPI -.01 .12 [.789, 1.25] .01 .94 .99 

Positive Impression .57 .83 [.35, 9.07] .47 .49 1.78 

Negative Impression .43 .34 [.80, 2.97] 1.66 .20 1.54 

Disengagement/Inattention -.24 .54 [.28, 2.24] .21 .65 .78 

Positive Impression x VPI -.03 .18 [.69, 1.37] .03 .86 .97 

Negative Impression x VPI .19 .15 [.90, 1.61] 1.63 .20 1.21 

Disengagement/Inattention x VPI -.14 .27 [.51, 1.48] .28 .60 .87 

              Note. n = 1,506 
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Table 4       
Logistical Regression Results Examining the Potential Moderating Effect of Response Style Classification on the Association 

Between Registry Violations and PAI Scales  

PAI Scales b  SE 95% CI of  b Wald p Exp(B) 
       
       Registry Violations (Model R2 = .03, p < .0014) (Block R2 = .026, p < .001) 

AGG .02 .01 [1.00, 1.05] 3.29 .07 1.02 

Positive Impression .27  .35 [.66, 2.60] .59 .44 1.31 

Negative Impression -.04 .19 [.66, 1.39] .05 .82 .96 

Disengagement/Inattention .19 .25 [.74, 1.96] .56 .45 1.21 

Positive Impression x AGG .02 .02 [.98, 1.07] .90 .34 1.02 

Negative Impression x AGG .01 .02 [.98, 1.05] .49 .49 1.01 

Disengagement/Inattention x AGG .06 .03 [1.00, 1.12] 4.39 .04 1.06 
       

Registry Violations (Model R2 = .03, p < .001) (Block R2 = .023, p < .001)  

ANT .03 .02 [1.00, 1.06] 4.25 .04 1.03 

Positive Impression .57 .33 [.94, 3.36] 3.09 .08 1.77 

Negative Impression -.03 .19 [.67, 1.41] .02 .88 .97 

Disengagement/Inattention .36 .23 [.90, 2.25] 2.33 .13 1.43 

Positive Impression x ANT -.01 .02 [.95, 1.04] .17 .68 .99 

Negative Impression x ANT .02 .02 [.98, 1.06] .85 .36 1.02 

Disengagement/Inattention x ANT -.01 .03 [.93, 1.05] 21 .65 .99 
       

Registry Violations (Model R2 = .02, p < .001) (Block R2 = .018, p < .001) 

BOR .02 .02 [.98, 1.05] 1.05 .31 1.02 

Positive Impression .46 .45 [.65, 3.85] 1.03 .31 1.58 

Negative Impression -.01 .23 [.63, 1.55] .00 .96 .99 

Disengagement/Inattention .28 .26 [.80, 2.20] 1.20 .27 1.33 

Positive Impression x BOR .00 .03 [.95, 1.06] .01 .92 1.00 

Negative Impression x BOR .01 .03 [.96, 1.06] .15 .70 1.01 

Disengagement/Inattention x BOR .03 .03 [.97, 1.09] .83 .36 1.03 

      (continued) 
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PAI Scales b  SE 95% CI of  b Wald p Exp(B) 

Registry Violations (Model R2 = .02, p < .001) (Block R2 = .013, p < .001) 

INT -.02 .02 [.94, 1.02] 1.16 .28 .98 

Positive Impression .12 .56 [.38, 3.36] .04 .84 1.12 

Negative Impression -.49 .23 [.39, .96] 4.67 .03 .61 

Disengagement/Inattention .02 .25 [.63, 1.67] .01 .93 1.02 

Positive Impression x INT .05 .04 [.98, 1.13] 2.16 .14 1.05 

Negative Impression x INT .00 .03 [.94, 1.07] .00 .99 1.00 

Disengagement/Inattention x INT .07 .04 [1.00, 1.16] 3.78 .05 1.08 
       

Registry Violations (Model R2 = .03, p < .001) (Block R2 = .027, p < .001) 

EXT .05 .02 [1.02, 1.10] 7.97 .01 1.06 

Positive Impression .70 .40 [.92, 4.42] 3.04 .08 2.01 

Negative Impression .18 .21 [.80, 1.78] .72 .40 1.19 

Disengagement/Inattention .38 .26 [.89, 2.41] 2.21 .14 1.46 

Positive Impression x EXT -.03 .03 [.91, 1.03] 1.21 .27 .97 

Negative Impression x EXT .01 .03 [.96, 1.06] .14 .70 1.01 

Disengagement/Inattention x EXT .01 .04 [.93, 1.09] .05 .83 1.01 
 

Registry Violations (Model R2 = .02, p < .001) (Block R2 = .022, p < .001) 

VPI .13 .05 [1.03, 1.27] 6.09 .01 1.14 

Positive Impression .28 .43 [.57, 3.07] .41 .52 1.32 

Negative Impression -.01 .19 [.68, 1.43] .00 .95 .99 

Disengagement/Inattention .36 .23 [.91, 2.24] 2.46 .12 1.43 

Positive Impression x VPI -.04 .08 [.82, 1.13] .22 .64 .96 

Negative Impression x VPI .03 .08 [.88, 1.21] .16 .69 1.03 

Disengagement/Inattention x VPI -.09 .10 [.76, 1.11] .85 .36 .92 

              Note. n = 1,506 
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