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Abstract

The Personality Assessment Inventory (PAI) is a widely used broadband personality assessment embedded with validity
scales capturing over-reported pathology. This meta-analysis examines the utility of the PAI over-reporting scales as meas-
ured by mean differences on standard (NIM, MAL, RDF) and supplemental (NDS, MFI, HMI, CBS, CB-SOS) scales. These
comparisons are made across simulation and criterion studies to compare scale efficacy and effectiveness, respectively. 6,451
participants across 43 studies were analyzed using a series of random and fixed effect meta-analyses. We calculated general
(e.g., detection effectiveness) and specific (e.g., simulation vs criterion) effect sizes as well as summarized classification sta-
tistics and other contextual information (e.g., criterion groups) observed across the literature. Results demonstrate moderate to
large effect sizes across most standard (g=.99-1.50) and supplementary scales (g=.84-1.81), consistent with expected ranges.
Compared to criterion studies (g =.17-.92), simulation designs (g =1.16-2.27) were more effective (g igerences =-57 — 1.60).
Published studies also produced lower effects than unpublished (8 e ences = --21—-.59). Our findings generally support the
efficacy of the PAI’s over-reporting scales, as well as their effectiveness in non-simulation (e.g., criterion-based) designs.
However, RDF does not effectively measure over-reporting in criterion groups and should not be used for those decisions at
present. Implications and future directions for the PAI and over-reporting are discussed.
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Content-based response bias detection is the assessment pro-
cess focused on capturing potential symptom misrepresenta-
tion. Unsurprisingly, numerous professional agencies guide
practitioners to use multiple well-validated measures of
responding styles (Sweet et al., 2021). Over-reporting, a type
of content-based responding, is particularly impactful and
problematic across assessment contexts (Denning & Shura,
2017; DeViva & Bloem, 2003; Garriga, 2007; Gouvier et al.,
2003; McDermott & Feldman, 2007; Morris et al., 2022).
For example, over-reporting is estimated to occur in roughly
half of disability claims and cost $20.02 billion (Chafetz
& Underhill, 2013). These real-world impacts underscore
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forensic evaluations’ use of evidence-based assessments to
detect potential symptom misrepresentation (Medoff, 2003;
Rotgers & Barrett, 1996).

Young’s (2019) negative biased responding model posits
that distorted responding results from intersecting dimen-
sions of intentionality and deception. Within this framework,
conscious intent and degree of deception can range from
unconscious and low deception (e.g., somatization) to con-
scious and high deception (e.g., malingering), with a wide
array of possible dimensional configurations that conceptu-
alize distinct negative response bias tendencies. Theories of
content-based invalid responding also conceptualize over-
reporting in other ways (e.g., Halligan et al., 2003; LoPic-
colo et al., 1999), including by specific domain or across
distinct endorsement strategy (e.g., Rogers & Bender, 2018).
Despite different underlying assumptions, these theories all
conclude that detection of feigned presentation is a challeng-
ing area of work, one which rarely offers clear and precise
decisional capacity. Accordingly, practice guidelines have
concluded that the use of multiple well-validated measures
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of response sets (e.g., Sweet et al., 2021) is needed to ensure
accurate classification.

Research on content-based response styles has made
considerate progress. For example, efforts to differentiate
performance and symptom validity tests (PVT and SVT,
respectively; Larrabee, 2012) into distinct symptom domains
(e.g., somatic or psychiatric focused feigning; see Burchette
& Bagby, 2022) have formed an integral part of the current
response validity paradigm. Further, recommendations have
been established and developed over time to more explic-
itly detect cognitive, somatic, and psychiatric malinger-
ing as separate constructs (see Sherman et al., 2020; Slick
et al., 1999). The general acceptance of these standards as
part of professional consensus updates (Sweet et al., 2021)
and common approaches to interpretive practice (Rogers &
Bender, 2018) underscore the importance of accurate over-
reporting detection broadly (Woody, 2016).

It is also worth noting that the response bias detection
standards described above have faced cogent and clear criti-
cisms for their lack of scientific rigor evident in both statis-
tical and methodological issues (Leonhard, 2023a, 2023b,
2023c). The result of those concerns is, Leonhard argues, a
more limited predictive and clinical utility within validity
testing, which must be addressed to advance validity deter-
minations. While a full review and discussion with Leon-
hard’s concerns (and the responses to them, e.g., Bush, 2023;
Young & Erdodi, 2024) is outside the scope of the paper, the
discussion generated by those papers further underscores the
still developing nature of response bias detection. Accord-
ingly, development and evaluation of validity assessment
tools used in evidence-based assessment remains an ongoing
need (Arbisi & Beck, 2016; Sleep et al., 2015; Wright et al.,
2022), as does the integration of multimethod assessment
methods in testing (e.g., PVT and SVTs; Burchett & Bagby,
2014; Burchett & Bagby, 2022).

The Personality Assessment Inventory (Morey, 1991,
2007) is a common personality and psychopathology measure
meeting those evidence-based standards (see Charles et al.,
2022; Kurtz & Pintarelli, 2024), which sees wide clinical and
forensic utility and use (e.g., Bow et al., 2006; Gardner et al.,
2015; Meaux et al., 2022). Moreover, recent doctoral training
research also found that the PAI is the most frequently trained
structured self-report measure of emotional and behavioral
functioning in health service psychology (Ingram et al.,
2022). This use also includes in applied clinical experiences
(e.g., practicum), the strongest predictor of assessment-
related competency and career aspiration (Bergquist et al.,
2023). The PAT’s popularity amassed literature across a vari-
ety of substantive areas, including assessment of somatic and
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physical health issues (Hoyt & Walter, 2022; Karlin et al.,
2005; Oltmanns et al., 2020), therapy process and treatment
outcome relationships (Anestis et al., 2021; Cersosimo et al.,
2022; Nevid et al., 2020), risk and level of service and care
need (Kim et al., 2021; Sinclair et al., 2014), and other psy-
chiatric and neuropsychological symptoms and symptom
topography (Aikman & Souheaver, 2010; McCredie et al.,
2023, Ingram et al., 2021).

The PAI has a substantial, and growing research base, for
its over-reporting validity scales. Additionally, researchers
have continuously developed and refined other supplemental
indices targeting neuropsychological and forensic settings
(e.g., Boccaccini & Hart, 2018; Fokas & Brovko, 2020;
Kurtz et al., 2023; Meaux et al., 2022). A meta-analytic
review is warranted to determine scale performance across
contexts (e.g., clinical vs simulation) and aid clinicians in
assessment interpretation. However, the last meta-analy-
sis of the PAI over-reporting scales was conducted nearly
15 years ago (Hawes & Boccaccini, 2009). Not only has
research grown on existing measures at that time, but several
new scales have since been developed and cross-replicated
numerous times.

Hawes and Boccaccini’s (2009) PAI meta-analysis
included only the three standard over-reporting scales,
drawn from a total of 26 studies. They generally found
moderate to large differences between those identified as
feigners and honest controls on the Negative Impression
Management (NIM; d’s range=0.75 to 1.56; k=23) and
the Malingering Index (MAL; d’s range =0.94 to 1.27;
k=16) scales. Rogers’ Discriminant Function (RDF) group
differences magnitude ranged considerably (d,,,, =0.31
to 1.69; k=7), and its performance was notably worse for
non-simulation designs (e.g., criterion-based designs).
While differences between criterion and simulation groups
are not surprising or uncommon (Rogers & Bender, 2018),
the range of effects (including negative effect sizes) seen in
non-simulation studies led Hawes and Boccaccini to cau-
tion against RDF’s clinical utility. The between-condition
differences (e.g., simulation and criterion groups, coached
and uncoached, or sample demographics) on evaluated PAI
scales (only NIM, MAL, and RDF), were broadly consist-
ent with historic patterns across similar broadband meas-
ures (e.g., Ingram & Ternes, 2016; Rogers et al., 2003;
Sharf et al., 2017). These consistent moderate to large
effect sizes in over-reporting measures have shifted inter-
pretive guidelines (see Rogers & Bender, 2018).!

' The effect range terms were defined as .75 moderate, 1.25 as large,
and 1.50 as very large (Rogers & Bender, 2018).
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Since Hawes and Boccaccini’s (2009) PAI over-report-
ing meta-analyses, several new PAI validity scales were
developed, growing literature on existing scales through
cross-validations (e.g., Morris et al., 2022) and through
new methodological and content-based coverage (e.g.,
Boress et al., 2022a, 2022b; Gaasedelen et al., 2019).
The new scales are reviewed briefly here in their scope
and design qualities. Readers are referred to Kurtz and
McCredie (2022) for a recent, comprehensive review of
recently developed validity scales for the PAI. The Cogni-
tive Bias Scale (CBS; Gaasedelen et al., 2019) was devel-
oped using a bootstrapping method to predict performance
validity test failure in a neuropsychological sample (see
Burchette & Bagby, 2022 for a detailed discussion of this
validation procedure). The Cognitive Bias Scale of Scales
(CB-SOS) were also developed using a bootstrapping
method predicting performance validity failure, but unlike
the CBS, CB-SOS uses multiple clinical scales, subscales,
and weighted scales (Boress et al., 2022b). Likewise,
Gaines et al. (2013) developed the Multiscale Feigning
Index using the average of multiple clinical scales in cor-
rectional settings to predict failure of the Structured Inter-
view of Reported Symptoms (SIRS; Rogers et al., 1992),
a common stand-alone SVT. The Negative-Distortion
Scale (NDS) was also validated using the SIRS and uses
an indiscriminate endorsement approach in forensic con-
texts. Finally, the Hong Malingering Index (HMI) used a
weighted average of multiple scales selected via stepwise
discriminant function analysis the South Korean version
of the PAI (Hong & Kim, 2001).

In each case, these new scales (i.e., CBS, CB-SOS, MFI,
NDS) have also evidenced numerous independent replica-
tions and cross-validations, providing strong support for the
effect sizes observed. These between-group effects (e.g.,
pass/fail performance validity tests, or simulation/control)
generally fall between 0.75 to 1.50 as an over-reporting
standard effect range, roughly spanning the moderate to
large range proposed by Rogers et al. (2003), with variations
in performance as a function of established moderating fac-
tors (Ingram & Ternes, 2016), such as evaluative context
or clinical sample (e.g., CBS performance across samples;
Armistead-Jehle et al., 2020; Boress et al., 2022a, 2022b;
Gaasedelen et al., 2019; Morris et al., 2022; Pignolo et al.,
2023; Shura et al., 2023; Tylicki et al., 2021). Accordingly,
these scales are currently labeled as incremental indicators,
which “may eventually be useful additions to the standard
scoring protocol of the PAI” if their validity and predictive
evidence remain strong (McCredie & Morey, 2018, p.1298).

Current Study

This study provides an updated review and meta-analytic
evaluation of the Personality Assessment Inventory (PAI)’s
overreporting symptom validity measures. Using random
and fixed effect meta-analyses, we examine PAI over-
reporting scale effectiveness across study-coded criterion
groups developed based on historic moderating influences
(e.g., published/unpublished, simulation/criterion design,
coached and uncoached simulation design). We also com-
pare the magnitude of effects observed in the current study
with those of Hawes and Boccaccini (2009), examining the
consistency of standard effect ranges on the PAI’s validity
scale performance over time. In addition to NIM, MAL,
and RDS, this study includes the following scales in its
review: Cognitive Bias Scale (CBS), Multiscale Feigning
Index (MFI), all versions of Cognitive Bias Scale of Scales
(CB-S0S), and Negative Distortion Scale (NDS). Consist-
ent with trends we have observed across studies during our
review of past research, we hypothesize (1) each of the PAI
validity scales’ group difference magnitudes will generally
fall within the standard effect range (g,,,,, =0.75 to 1.50),
(2) simulation studies will outperform criterion studies by
between half and full standard deviation (g =0.50 to 1.00),
and (3) coached simulation designs will more closely
approximate criterion groups by a moderate magnitude
of effect (approximately 0.30 effect difference). Standard
deviations are expected to be between 1.5 and 2.0 times
the normative sample in over-reporting known group and
simulation designs.

Methods
General Approach

Meta-analyses synthesize data across published and unpub-
lished studies to estimate a general effect. Generally, this
approach falls within two categories: fixed effects and ran-
dom effects. Fixed effect analyses assume one true effect in
the population (e.g., all groups produce similar test score
patterns), whereas random effect analyses assume that the
population’s true effect size differs based on moderators
(e.g., sampling methods, demographics, etc.) Fixed effects
are preferred when studies are assumed to have similar
characteristics and therefore provide an accurate effect size
estimate for that context. Random effects analyses are pre-
ferred as variability between samples and groups is assumed
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(Borenstein et al., 2009). Broadly, meta-analytic techniques
provide an empirical means for researchers and clinicians
to assess the literature and its context.

This meta-analysis analyzed studies that reported mean
differences on PAI over-reporting indices between cred-
ible and noncredible self-reporting groups (e.g., feigners)
using a weighted mean effect size approach. The weighted
mean effect size approach assumes that larger sample sizes
will closer approximate population effects and, therefore,
ensures that data sources with larger samples produce
greater influence than those with smaller samples. Random
effect analyses were conducted at the broadest level to assess
general effects and variability; fixed effect analyses were
subsequently calculated at levels of analyses empirically
known to moderate performance in noncredible responding
behavior research (e.g., simulation vs criterion; Rogers &
Bender, 2018). Coached and uncoached designs were exam-
ined via random effects analysis given different coaching
instructions. All analyses were conducted using version 4.6
of the Metafor R package (Viechtbauer, 2010). Precision in
meta-analyses is impacted when analysis is conducted on a
small number of studies. Thus, we made an a priori decision
to require at least five studies for primary analysis (Boren-
stein et al., 2009), with at least three required for exploratory
analysis of newer scales.

Lastly, consistent with Hawes and Boccaccini’s (2009)
methods and recommendations, we collect sensitivity and
specificity values for common cut scores across analyzed
over-reporting scales. As with other meta-analyses which
have done this (Hawes & Boccaccini, 2009; Sharf et al.,
2017), the presented sensitivity and specificity values are
not meta-analytically weighted and, as such, it should not
be assumed that performance generalizes (as one might
conclude from a simulation or known-group study). Rather,
average sensitivity and specificity values reflect trends in
classification overall, but do not guarantee field agreement
of standards (e.g., 0.90 specificity; see Sherman et al., 2020)
will apply to a novel population.

Statistical Analyses

Sequentially, standardized mean differences between
credible and noncredible groups across PAI over-report-
ing indices were calculated. After, these differences
were transformed into effect sizes and then converted
into weighted effect sizes. These effect sizes (based upon
Hedge’s g; effect size corrected for unequal effect sizes,
see Hedges & Olkin, 1985) were interpreted using Rogers
and Bender’s (2018) effect size estimate guidelines (i.e.,
Moderate=0.75, Large=1.25, Very Large=1.75). A half a
standard deviation difference (e.g., d or g at or above 0.50)
serves as a common threshold for clinical significance for
mean differences.

@ Springer

Search Criteria and Procedure

Using Hawes and Boccaccini’s (2009) search criteria in
the PsycINFO and Proquest databases (PAI or Person-
ality Assessment Inventory with validity scales, feign-
ing, malingering, faking, simulation, dissimulation, and
fake-bad), an initial screening was conducted by the
first author to gather studies for examination. A reverse
search was also employed for development and validation
articles of newer measures (e.g., MFI, CBS, etc.), and a
follow-up search was conducted in 2025 to collect any
articles published between the initial screening (Octo-
ber 2023) and manuscript submission (June 2025). The
first author contacted corresponding authors on PAI over-
reporting manuscripts published over the last 15 years
(i.e., 2010 through May 2025) to request unpublished data
not currently under review. One investigator responded
with an article previously identified in the initial screen-
ing. This low response rate (6%) for meta-analytic gray
data requests is consistent with response rates previously
identified in the literature (Hussey, 2023). Studies were
eligible for analysis if they were available online, admin-
istered the English version of the PAI, reported means
and standard deviations for honest and feigning (either
simulation or criterion) groups, and used unique data
(i.e., effect estimates were not previously used in another
study). Data sources were not screened for inclusion of
non-content-based invalid responding (i.e., elevations of
the INC and INF scales).

Of the initial 63 studies identified, 20 were removed for
not being publicly available, not providing data required
to calculate Hedge’s g, or containing duplicate data. When
studies containing duplicate data emerged, the earlier
study was selected for analysis. Two independent coders
coded the remaining studies (k=43) based on methodol-
ogy (i.e., simulation vs criterion, coached vs naive, crite-
rion measure used). Coaching was determined based on if
a study 1) explicitly stated that participants were coached
or 2) provided participants with knowledge regarding
the PAI over-reporting detection methods and knowl-
edge regarding symptoms relevant to the feigned condi-
tion (symptoms of PTSD, depression, etc.). When coding
discrepancies emerged, which was uncommon, the first
author reviewed the article to make the final determination
with the senior author. Articles were divided into groups
based on different feigning groups (e.g., feigned PTSD
vs feigned depression) or honest conditions (e.g., student
control vs clinical control). This decision was made to
parse apart differences arising from contextual modera-
tors (e.g., participant coaching, symptoms feigned, clini-
cal control group). The final analyses included 78 studies
across 43 articles with 6,451 participants (see supplemen-
tal materials).
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Table 1 General random efff:cts Scale k ¢ SE » 95% CI Iz 1 0 2

analyses for PAI over-reporting

scales and supplemental NIM 71 150 011  <.001 129 171 9421 1728 80113  0.75

indicators MAL 56 107 010 <001 088 126 9274 1377 54008 047
RDF 52 0.99 0.12 <.001 0.76 1.22 95.14 20.58 717.82 0.68
NDS 16 1.81 0.29 <.001 1.25 2.37 97.15 35.04 637.88 1.25
MFI 8 1.72 0.28 <.001 1.17 2.27 95.57 22.55 187.70 0.60
HMI 7 1.68 0.45 <.001 0.81 2.56 97.77 44.93 285.02 1.36
CBS 8 0.86 0.07 <.001 0.72 1.00 44.51 1.80 12.55 0.02
CB-SOS-1 6 0.87 0.14 <.001 0.59 1.15 79.51 4.88 23.84 0.10
CB-SOS-2 5 0.84 0.13 <.001 0.58 1.10 72.01 3.57 11.08 0.06
CB-SOS-3 6 0.94 0.14 <.001 0.67 1.22 78.75 4.71 24.60 0.09
M - 1.23 0.18 - 0.87 1.59 84.74 16.91 324.17 0.54
SD - 0.38 0.11 - 0.26 0.57 15.96 13.67 303.76 0.46
NIM, Negative Impression Management; MAL, Malingering Index; RDF, Rogers Discriminate Function;
NDS, Negative Distortion Scale; MFI, Multiscale Feigning Index; CBS, Cognitive Bias Scale; CB-SOS,
Cognitive Bias Scale of Scales

Results Published studies tended to differ in notable ways from

In general, results support PAI’s over-reporting scales effec-
tive in detection of potential noncredible responding (Table 1).
These effects were mostly large to very large in magnitude and
generally produced large portions of explanatory variance (/).
Effects ranged from 0.84 (CB-SOS2; 95% CI: 0.58—1.10)
to 1.81 (NDS; 95% CI: 1.25 — 2.37), depending upon study
design (e.g., simulation vs criterion) and criterion grouping
(e.g., known groups vs performance validity failure). Below,
we summarize general trends observed across all scales and
then present individual results on a scale-by-scale basis.
Simulation studies mostly consisted of coached condi-
tions (55%) using healthy controls (65%). Criterion studies
mostly examined feigned neurocognitive dysfunction (75%)
across Military and Veteran (39%; k=7, n=_824), forensic
(39%; k=", n=1,050), neuropsychological outpatient (17%;
k=3, n=638), psycho-educational assessment (17%; k=3,
n=153), and inpatient (6%; k=7, n=95) contexts.” Large P
values were particularly common in simulation studies. Effect
sizes and predicted variance amongst criterion studies were
substantially lower relative to simulation-designs (/*=0.70.8
[71%] vs. 91.39 [91%] s on average, respectively (Table 2).
Simulation studies outperformed criterion studies (M., iusion
8§=1.67, M¢,i1orion 8 =0.62) but with greater variation in effect
(SDg; muiation 8 =049 Vs SD ¢,ir0rion 8 =0.25). In simulation stud-
ies, coached studies produced lower effects than uncoached
M cpucnea 8=142 vs. My conchea 8 =1.71), with less variability
SDyncoached 8 =045 V8 SD ¢y uenea 8 =0.24; Table 3).

2 Some studies contained multiple contexts (e.g., Active-Duty Mili-
tary Personnel undergoing Medical Board Evaluations) and were
coded as both.

unpublished studies (Tables 4 and 5). First, published stud-
ies had slightly smaller effects on average (g,,,isnea=1-16
VS Gunpubiishea 1-50)- Second, unpublished studies were also
more likely to include coached feigning conditions (70%
vs 52%). Third, published studies had higher portions of
explained variance (FP=93.33 [93%] vs. 83.23 [83%] on
average, respectively). Conversely, unpublished studies had
a higher proportion of simulation studies (91%) to criterion
(9%) compared to published studies (75% simulation to
25% criterion). Differences in bias between published and
unpublished studies emerged when reviewing funnel and
forest plots in the supplemental materials. These plots also
demonstrated a difference between simulation and crite-
rion designs, with criterion design exhibiting less bias than
simulation. In these cases, published and simulation studies
were biased toward larger effect sizes. Below, individual
analyses for each validity scale are summarized separately.

Standard PAI Over-reporting Indices

Negative Impression Management Random effect analy-
ses across 71 studies demonstrated a large effect (Fig. 1;
g=1.50, P=9421,7= .75). Larger effects were observed
in simulation studies (g=1.51, 7 =90.01) compared to crite-
rion designs (g=0.74, F=65.28; g difference=0-T7). Very little
difference was evident between coached and naive designs.

Malingering Index MAL had a moderate effect (Fig. 2;
g=1.07, ?=92.74, 1> =0.47) across 56 studies. MAL
performed better in simulation (g=1.16, I’=89.37,
k=43) than criterion designs (g=0.59, P =67.06, k=13;

@ Springer
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Tablg 2 Fi).(ed effccts. an.alyses Scale k g SE » 95% CI P 1

for simulation and criterion

designs Simulation (77% of Studies)
NIM 58 1.51 0.03 <.001 1.45 1.57 90.01 10.01
MAL 43 1.16 0.03 <.001 1.10 1.22 89.37 9.40
RDF 39 1.19 0.03 <.001 1.13 1.25 88.28 8.53
NDS 12 2.27 0.06 <.001 2.16 2.39 96.92 3242
MFI 5 222 0.08 <.001 2.06 2.37 92.41 13.17
M - 1.67 0.05 - 1.58 1.76 91.39 14.71
SD - 0.49 0.02 - 0.45 0.52 3.07 8.99
Criterion (23% of Studies)
NIM 13 0.74 0.05 <.001 0.66 0.83 65.28 2.88
MAL 13 0.59 0.05 <.001 0.50 0.68 67.06 3.04
RDF 13 0.17 0.04 <.001 0.08 0.25 71.11 3.46
NDS 4 0.68 0.08 <.001 0.53 0.82 70.31 3.37
MFI 3 0.92 0.09 <.001 0.75 1.09 80.24 5.06
M - 0.62 0.06 - 0.50 0.73 70.80 3.56
SD - 0.25 0.02 - 0.23 0.27 5.18 0.78

NIM, Negative Impression Management; MAL, Malingering Index; RDF, Rogers Discriminate Function;
NDS, Negative Distortion Scale; MFI, Multiscale Feigning Index; CBS, Cognitive Bias Scale; CB-SOS,

Cognitive Bias Scale of Scales

Table 3 Fixed effects analyses Scale & g SE » 95% CI 2 H 0 2

for uncoached and coached

designs Uncoached (45% of Studies)
NIM 25 1.87 0.21 <.001 1.46 2.27 94.78 19.15 306.17 0.97
MAL 20 1.33 0.16 <.001 1.01 1.66 92.01 12.52 155.90 0.47
RDF 19 1.26 0.18 <.001 091 1.61 93.15 14.60 138.83 0.53
NDS 8 2.36 0.44 <.001 1.50 3.23 97.42 38.77 301.31 1.52
M - 1.71 0.25 - 1.22 2.19 94.34 21.26 225.55 0.87
SD - 0.45 0.11 - 0.26 0.66 2.03 10.39 78.44 0.42
Coached (55% of Studies)
NIM 33 1.53 0.14 <.001 1.26 1.81 90.36 10.38 242.66 0.55
MAL 23 1.11 0.16 <.001 0.80 143 92.38 13.11 221.48 0.52
RDF 20 1.27 0.19 <.001 0.89 1.65 94.15 17.09 184.99 0.68
NDS 4 1.75 0.32 <.001 1.11 2.38 84.80 6.58 10.45 0.34
M - 1.42 0.20 - 1.02 1.82 90.42 11.79 164.90 0.52
SD - 0.24 0.07 - 0.18 0.35 3.51 3.84 91.52 0.12

NIM, Negative Impression Management; MAL, Malingering Index; RDF, Rogers Discriminate Function;

NDS, Negative Distortion Scale

8aifference=0-57) designs, with such small a difference sug-
gesting generally equitable effects. Similarly, small differ-
ences exist between coached (g=1.11, F=9238;t>=0.52,
k=23) and naive (g=1.33, ’=92.01, ©?=0.47, k=23;
8aifference=0.22) designs.

Rogers Discriminant Function A moderate effect was
observed across all 52 studies examining RDF (Fig. 3;
g=0.99, ’=95.14, ©°=0.68). Differences in simulation
(g=1.19, P =88.28; k=39) and criterion designs (g=0.17,

@ Springer

P=71.11; k=13) differed substantially (gigerence=1.02).
There were negligible differences between coached and
naive simulation designs (g ierence = —0.01), with both
achieving detection rates within the expected standard range.
Criterion design effect sides, however, fell in the negligible
range, suggesting an inability to meaningfully differentiate
clinical criterion groups. Slightly more than two percent of
simulation (k=1) studies and a notable 30.1% of criterion
(k=4) studies produced negative effect sizes (see Fig. 3),
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Table 4 .Fixed effects anglyses Scale k g SE » 95% CI P 1

for published and unpublished

studies Published (86% of Studies; 75% Simulation, 25% Criterion)
NIM 60 1.22 0.03 <.001 1.17 1.28 91.47 11.72
MAL 49 0.96 0.03 <.001 0.91 1.01 90.54 10.57
RDF 47 0.82 0.03 <.001 0.77 0.88 93.23 14.78
NDS 13 1.63 0.05 <.001 1.53 1.73 98.07 51.93
M - 1.16 0.03 - 1.10 1.22 93.33 22.25
SD - 0.28 0.01 - 0.26 0.29 2.60 15.39
Unpublished (14% of Studies; 91% Simulation, 9% Criterion)
NIM 11 1.81 0.09 <.001 1.64 1.98 85.41 6.85
MAL 7 1.17 0.09 <.001 1.00 1.34 77.85 451
RDF 5 1.11 0.10 <.001 0.92 1.31 86.79 7.57
NDS 3 1.91 0.15 <.001 1.61 2.20 82.88 5.84
M - 1.50 0.11 - 1.29 1.71 83.23 6.20
SD - 0.32 0.02 - 0.30 0.35 3.05 1.03

NIM, Negative Impression Management; MAL, Malingering Index; RDF, Rogers Discriminate Function;

NDS, Negative Distortion Scale

Table 5 Differences in Hedge’s g values between conditions

Simulation vs Naive vs Published vs
Criterion Coached Unpublished
NIM 17 .33 -.59
MAL .57 22 =21
RDF 1.02 -.01 -.29
NDS 1.60 .62 -.28
MFI 1.30 - -

Directionality noted in column tile; NIM, Negative Impression Man-
agement; MAL, Malingering Index; RDF, Rogers Discriminate Func-
tion; NDS, Negative Distortion Scale; MFI, Multiscale Feigning
Index

meaning that honest responders scored higher on RDF than
their respective feigning conditions.

Supplemental Over-reporting Indicators

Negative Distortion Scale Across 16 studies, NDS demon-
strated an overall large effect (Fig. 4; g=1.81, F=97.15,
7°=1.25). Simulation studies (g=2.27, ’=96.92, k=12)
greatly outperformed criterion designs (g=0.68, F=70.31,
k=4 8 4ifrerence = 1.6). NDS demonstrated large effects across
coached (g=1.75, k=4) and naive designs (g =2.36; k=8).

Multiscale Feigning Index MFI demonstrated generally large
effects (Fig. 5; g=1.72, F=95.57, ©°=0.6, k=38). A large
difference was observed between simulation and criterion
designs (8 igerence = 1.3) With simulation studies evidencing
a very large effect (g=2.22, ’=92.41) and criterion designs
evidencing a large effect (g=0.92, I =80.24).

Hong Malingering Index A generally large effect was
observed in HMI (Fig. 6; g=1.68, I’=97.77, ©*=1.36,
k=17). All but one study featuring the HMI used a crite-
rion design. The six simulation studies demonstrated a large
effect (¢=1.89, P =97.54, ° =1.28).

Cognitive Bias Scale The CBS scale demonstrated a moderate
effect in the random effect analysis (Fig. 7; g=0.86, F=44.51,
12=0.02, k=8). Only one uncoached simulation study using
CBS was identified, and this study produced a moderate effect
(g=0.85). A fixed effect analysis on the seven criterion studies
demonstrated a moderate effect (g=0.85, P=521 9).

Cognitive Bias Scale of Scales-1 The CB-SOS-1 scale
demonstrated broadly moderate effects (Fig. 8; g=0.87,
I’=79.51, 7°=0.1, k=6). Notably, all but one study used
a criterion design. The one uncoached simulation study
showed a large effect (g=1.35). The other five criterion
designs evidenced a small effect (g=0.73, IF =64.22).

Cognitive Bias Scale of Scales-2 Five criterion designs were
identified for the CB-SOS-2 scale. Random effect analysis
of these studies showed a moderate effect (Fig. 9; g=0.84,
FP=7201,7%°= 0.06). Notably, no simulation studies examin-
ing the CB-SOS-2 scale were found.

Cognitive Bias Scale of Scales-3 Moderate effects were
observed on the CB-SOS-3 scale (Fig. 10; g=0.94, F=178.75,
=0.09, k= 6). Five of those studies used a criterion design
and evidenced a small effect (g=0.78, F=61.48). The only
simulation study identified used an uncoached simulation
design, which showed a large effect (g=1.45).
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Author(s) and Year SMD [95% CI]
Armistead-Jehle & Buican (2012)a — 0.64[0.35,0.92]
Armistead-Jehle & Buican (2012)b -] 0.15[-0.21, 0.52]
Atkins (1999) — 0.75[0.32,1.18]
Bagby (2002)a I — 0.62[0.14, 1.10]
Bagby (2002)b e 0.51[0.03,0.98]
Bagby (2002)c - 209[1.47,272]
Bagby (2002)d e 1.82[1.23,2.41)
Baity (2007) e 1.54[0.83,2.24]
Blanchard et al (2003)a L 2.35[1.91,2.79]
Blanchard et al (2003)b — 270[2.28,3.12]
Boress (2022)a — 0.75[0.39, 1.11]
Bowen & Bryant (2006)a s 244162, 3.27]
Bowen & Bryant (2006)b b 215[1.36,2.93]
Carrier (2000)a e — 2.05[1.25,2.85]
Carrier (2000)b s 1.73[0.96, 2.50]
Carrier (2000)c e 1.58[0.83,2.33]
Carrier (2000)d E— 1.41[0.67,2.15]
Dhillon (2017) " 2.18[1.79,257]
Eakin (2006)a | 1.46[0.88,2.04]
Eakin (2006)b ] 0.18[-0.36, 0.73]
Fernandez (2008) } i 5.01[3.83,6.18]
Gaasedelen (2017) | 0.58[0.27,0.89]
Gaines (2013) — 1.17[0.74, 1.60]
Harrison et al (2022)a —a— 1.07[0.68, 1.46]
Harrison et al (2022)b e 0.43[0.02, 0.84]
Harrison et al (2022)c o 1.01[0.61, 1.40]
Hopwood et al (2010)a b 1.21[0.95, 1.48]
Hopwood et al (2010)b fm 1.04[0.79, 1.30]
Keiski et al (2015) o 1.40[1.09,1.72)
King & Sullivan 2009a — | 1.62[0.91,2.34]
King & Sullivan 2009b —_— ! 0.64[0.04,1.23]
Kurtz et al (2023) —a 1.38[1.07,1.70]
Lange etal (2010)a ] 1.95[1.11,2.79]
Lange etal (2010)b I — 1.54[0.77,2.31]
Lehr (2014)a [ | 1.79[1.12,2.46]
Lehr (2014)b b 227[157,297]
Liljequist (1998)a I 1.95[1.31,259]
Liljequist (1998)b e 1.04[0.48, 1.61]
Liljequist (1998)c —— 1.24[0.66, 1.81]
Maffly-Kipp & Morey (2023) . 0.33[-0.02, 0.67]
McCullaugh (2011) f—a— 2383[2.34,3.33)]
Morey & Lanier (1998)a I—l—| 3.72[3.02,442]
Morey & Lanier (1998)b — 2.40(1.85,2.95]
Morris et al (2022) - 0.73[0.51,0.94]
Musso etal (2016)a e 1.03[0.75,1.31]
Musso et al (2016)b —m—] 1.27[1.01,152]
Musso et al (2016)c b 1.18[0.93, 1.42]
Pignolo et al (2023)a - 254[2.31,278]
Pignolo et al (2023)b = 1.39[1.13, 1.65]
Rogers et al (1993)a I 352[262 4.42]
Rogers et al (1993)b | i 3.35[2.10,4.61)
Rogers et al (1993)c [ ——— 1.40[0.79, 2.01]
Rogers et al (1993)d } | 3.48[220,4.77]
Rogers et al (1993)e I—l—| 1.39[0.76,2.01]
Rogers et al (1993)f ] 1.05[0.21,1.89]
Rogers et al (2005) e 1.58[0.79,2.37]
Rogers etal (2012) ] 1.25[0.81,1.69]
Russel & Morey (2019)a [ 2.91[2.54,3.27]
Russel & Morey (2019)b  —— 0.68[0.17,1.18]
Samra (2004)a f—a— 2.55[2.00, 3.09]
Samra (2004)b I ——— 0.68[0.10, 1.26]
Schroeder et al (2025) f—m— 0.42[0.11,0.74]
Scragg (2000)a e — 1.92[1.21,263)]
Scragg (2000)b |—l—{ 1.15[0.50, 1.80]
Smith et al (2017)a —— 0.89[0.39, 1.39)
Smith etal (2017)b —— 0.78[0.37,1.18]
Sullivan & King (2010) _ 1.62[0.91,2.34]
Thomas et al (2012)a |—I—| 1.40[0.99, 1.80]
Thomas et al (2012)b b 0.98[0.60, 1.37)
Tylicki et al (2021) . 0.95[0.73,1.17]
Wooley & Rogers (2015) [ E———— 1.05[0.49, 1.62]

<o 150(1.29,1.71]
I T T T
2 2 4 6

Fig. 1 NIM random effects forest plot
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Author(s) and Year SMD [95% CI]
Armistead-Jehle & Buican (2012)a f—-— 0.48[0.20,0.77]
Armistead-Jehle & Buican (2012)b | 0.03[-0.34, 0.39]
Atkins (1999) - 0.47[0.05, 0.89]
Bagby (2002)a | 0.57[0.09, 1.05]
Bagby (2002)b [ —— 0.06 [-0.41, 0.52]
Bagby (2002)c ——— 1.38[0.82, 1.94]
Bagby (2002)d ——— 0.70[0.19, 1.22]
Baity (2007) —— 1.25[0.57,1.92]
Blanchard et al (2003)a [ ——— 3.10[2.64, 3.55]
Blanchard et al (2003)b —— 255[213,2.97]
Boress (2022)a | 0.71[0.35,1.07]
Bowen & Bryant (2006)a Em————] 1.17[0.50, 1.84]
Bowen & Bryant (2006)b - 1.05[0.40, 1.71]
Dhillon (2017) f—a— 1.31[0.98, 1.65]
Eakin (2006)a | 0.84[0.30, 1.37]
Eakin (2006)b ] 0.04 [-0.50, 0.59]
Fernandez (2008) e — 2.97[2.14,3.80]
Gaasedelen (2017) e 0.41[0.11,0.72]
Gaines (2013) —— 1.15[0.72,1.58]
Harrison et al (2022)a f—a— 0.62[0.24, 1.00]
Harrison et al (2022)b f—e— 0.34[-0.07,0.75]
Harrison et al (2022)c " 0.89[0.50, 1.28]
Hopwood et al (2010)a - 1.02[0.76,1.28]
Hopwood et al (2010)b |- 1.22[0.95, 1.48]
Keiski et al (2015) . 1.07[0.76,1.37]
King & Sullivan 2009a ] 1.23[0.56, 1.90]
King & Sullivan 2009b [ a— 0.14[-0.44,0.72)
Kurtz et al (2023) —— 1.10[0.80, 1.40]
Lange etal (2010)a b 2.06[1.20,2.92]
Lange etal (2010)b | E—— 1.58[0.81,2.36]
Lehr (2014)a b 1.68[1.02,2.34]
Lehr (2014)b [ ——— 221[152,2.91]
Maffly-Kipp & Morey (2023) e 0.45[0.11,0.80]
McCullaugh (2011) —. 1.36[0.97, 1.75]
Morey & Lanier (1998)a | 270[2.12,3.29]
Morey & Lanier (1998)b [ ——— 223[1.70,2.77)
Morris et al (2022) [ 0.60[0.39,0.81]
Musso etal (2016)a i 0.75[0.48, 1.02]
Musso etal (2016)b ] 0.87[0.62, 1.11]
Musso etal (2016)c —m—| 0.61[0.37,0.84]
Pignolo et al (2023)a = 1.68[1.47,1.89]
Pignolo et al (2023)b | 1.07[0.82,1.31]
Rogers et al (2005) P -0.03[-0.72, 0.65]
Rogers et al (2012) ] 1.37[0.92,1.82]
Russel & Morey (2019)a f—a— 223[1.89,257]
Russel & Morey (2019)b —— 0.70[0.20, 1.21]
Samra (2004)a I — 1.15[0.72,1.59]
Samra (2004)b —_—e 0.59[0.02,1.17]
Schroeder et al (2025) f—-—] 0.34[0.03, 0.66]
Smith etal (2017)a b 0.92[0.42, 1.42]
Smith etal (2017)b p—a— 0.63[0.23,1.03]
Sullivan & King (2010) —! 1.23[0.56, 1.90]
Thomas etal (2012)a o 1.26[0.86, 1.66]
Thomas et al (2012)b |—l—| 0.93[0.55,1.31]
Tylicki et al (2021) -] 0.67[0.45, 0.88]
Wooley & Rogers (2015) |—-—| 1.22[0.65, 1.80]

& 1.07[0.88, 1.26]

I T T T |
-1 0 1 2 3 4

Standardized Mean Difference

Fig.2 MAL random effects forest plot
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Author(s) and Year SMD [95% CI]
Armistead-Jehle & Buican (2012)a I—!‘—i -0.08 [-0.36, 0.20]
Armistead-Jehle & Buican (2012)b —— 0.04[-0.32, 0.40]
Atkins (1999) p—a— 0.56[0.13, 0.98]
Bagby (2002)a | 1.82[1.28, 2.36]
Bagby (2002)b | ———| 2.16[1.60, 2.72]
Bagby (2002)c = 1.96[1.34, 2.57]
Bagby (2002)d e 224[1.61, 2.88]
Baity (2007) P 1.15[0.49, 1.82]
Blanchard et al (2003)a —— 253[2.09, 2.97]
Blanchard et al (2003)b —a— 2.34[1.93, 2.75)
Boress (2022)a H—a— 0.23[-0.13, 0.58]
Dhillon (2017) —a— 0.89[057, 1.21]
Eakin (2006)a e 0.77[0.24, 1.30]
Eakin (2006)b = 0.35[-0.20, 0.90]
Fernandez (2008)  — 2.04[1.34, 2.74]
Gaasedelen (2017) e 0.11[-0.20, 0.42]
Gaines (2013) ——] -0.01[-0.41, 0.39]
Harrison et al (2022)a —a— 0.23[-0.14, 0.61]
Harrison et al (2022)b b—a— -0.13[-0.54, 0.27]
Harrison et al (2022)c — = 0.13[-0.25, 0.51]
Hopwood et al (2010)a —a— 1.25[0.98, 1.51]
Hopwood et al (2010)b —=— 1.17[0.90, 1.43]
Keiski et al (2015) —a— 1.15[0.85, 1.46]
King & Sullivan 2009a e | 0.56 [-0.07, 1.18]
King & Sullivan 2009b | —— -0.86 [-1.47,-0.25]
Kuriz et al (2023) Loom 0.99[0.69, 1.28]
Lange etal (2010)a — 1.56[0.78, 2.35]
Lange etal (2010)b b 0.70[0.01, 1.39]
Lehr (2014)a p——s— 1.47[0.84, 2.11]
Lehr (2014)b | e ——| 285[2.07, 3.63]
Maffly-Kipp & Morey (2023) H—a— 0.26 [-0.08, 0.61]
McCullaugh (2011) = 1.34[0.96, 1.72]
Morey & Lanier (1998)a e | 293[2.33, 354]
Morey & Lanier (1998)b e | 2.90[2.30, 3.50]
Morris et al (2022) - 0.05[-0.16, 0.26]
Musso etal (2016)a e 0.90[0.62, 1.17]
Musso et al (2016)b - 1.20[0.95, 1.45]
Musso et al (2016)c e 1.11[0.87, 1.36]
Pignolo et al (2023)a - 1.38[1.18, 1.58]
Pignolo et al (2023)b = 1.08[0.83, 1.33]
Rogers et al (2005) | | 0.21[-0.47, 0.90]
Rogers et al (2012) e 1.20[0.77, 1.64]
Russel & Morey (2019)a —a— 0.98[0.66, 1.30]
Russel & Morey (2019)b e 0.60[0.10, 1.11]
Schroeder et al (2025) —a— -0.15[-0.46, 0.16]
Smith et al (2017)a e 1.25[0.74, 1.77]
Smith etal (2017)b e 1.66[1.21, 2.11]
Sullivan & King (2010) P 0.56 [-0.07, 1.18]
Thomas etal (2012)a f—a— 0.92[0.54, 1.31]
Thomas et al (2012)b —a— 0.73[0.36, 1.11]
Tylicki et al (2021) - 0.41[0.19, 0.62]
Wooley & Rogers (2015) e 0.66[0.12, 1.20]

L 0.99[0.76, 1.22]
| T T T T 1
-2 -1 0 1 2 3 4

Fig. 3 RDF random effects forest plot
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Author(s) and Year SMD [95% CI]
Boress (2022)a —— 0.54[0.18, 0.90]
Dhillon (2017) [ 1.58[1.23, 1.93]
Gaasedelen (2017) ——— 0.51[0.20, 0.82]
Kurtz et al (2023) —.— 1.39[1.08, 1.71]
Lehr (2014)a —_— 2.66[1.87,3.45]
Lehr (2014)b —_— 2.76[1.99,3.53]
Maffly-Kipp & Morey (2023) —— 1.59[1.20, 1.99]
McCredie et al (2018)a — 417[3.82,451]
McCredie et al (2018)b — 3.93[3.59, 4.26]
Mogge et al (2010) — 1.36[0.90, 1.82]
Russel & Morey (2019)a —a— 2.86[2.50,3.22)
Russel & Morey (2019)b — 0.66 [0.15, 1.16]
Thomas et al (2012)a —— 1.63[1.21, 2.05]
Thomas et al (2012)b —— 1.35[0.95, 1.75]
Tylicki et al (2021) —— 0.66 [0.44, 0.87]
Wooley & Rogers (2015) —_— 1.50[0.90, 2.09]

e ——— 1.81[1.25,2.37]
T T T T 1
1 2 3 4 5

Fig.4 NDS random effects forest plot

Standardized Mean Difference

Author(s) and Year SMD [95% CI]
Gaines (2013) —— 1.59[1.13, 2.05]
Kurtz et al (2023) — 143[1.11,1.74]
McCredie etal (2018)a —— 255[2.23,2.86]
McCredie et al (2018)b —— 2.66[2.34,2.98]
Morris et al (2022) —— 0.87 [0.65, 1.08]
Russel & Morey (2019)a —— 2.66[2.30, 3.01]
Russel & Morey (2019)b L | 1.31[0.77, 1.85]
Schroeder et al (2025) —— 0.71[0.39, 1.03]

—er N ——— 1.72[1.17,2.27]

Fig. 5 MFI random effects forest plot

Sensitivity and Specificity

Standardized Mean Difference

[RDF >0]). However, reported cut-scores varied across stud-
ies for many indicators, prohibiting some classification sta-

Classification statistics for commonly reported cut-scores  tistics. Only four analyzed studies, for example, included
(Table 6) ranged, with most scores demonstrating adequate ~ sensitivity and specificity for the NDS, and they had lit-
specificity (SP range=0.80 [RDF>0] to 0.99 [MAL>111]) tle overlap in reported cut-values in those classification
and varying sensitivity (SN range=0.18 [CBS>21]t0 0.60  analyses.
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Author(s) and Year SMD [95% CI]
Kurtz et al (2023) —— 1.61[1.28,1.93]
Maffly-Kipp & Morey (2023) ——— 0.21[-0.14, 0.55]
McCredie et al (2018)a —a— 2.90[2.58, 3.22]
McCredie et al (2018)b —— 2.95[2.63,3.28]
Russel & Morey (2019)a —— 2.69[2.33,3.04]
Russel & Morey (2019)b e 0.95[0.44,1.47]
Schroeder et al (2025) —— 0.44[0.12,0.75]

R 1.68[0.81, 2.56]
[ I I | 1
1 0 1 2 3 -
Standardized Mean Difference
Fig.6 HMI random effects forest plot
Author(s) and Year SMD [95% CI]
Boress (2022)a —— 0.87[0.51,1.23]
Gaasedelen (2017) —s— 0.95[0.64, 1.27]
Ingram (2023) —a— 0.70[0.44, 0.96]
Kuriz et al (2023) —— 0.85[0.56, 1.15]
Schroeder et al (2025) —— 0.77 [0.46, 1.09]
Shura et al (2023)a ——— 0.58[0.32, 0.83]
Shura et al (2023)b —_ 1.25[0.85, 1.64]
Tylicki et al (2021) —— 1.02[0.80, 1.24]
- 0.86[0.72, 1.00]
T T T 1

0 05 1 15 2

Standardized Mean Difference

Fig.7 CBS random effects forest plot

Differences from Hawes and Boccaccini (2009)
on NIM, MAL, and RDF

There were several differences between NIM, MAL, and
RDF’s performance in the current study and their perfor-
mance in Hawes and Boccaccini’s (2009) meta-analysis.3

3 Cohen’s d was used by Hawes & Boccaccini (2009). In this study, we
use Hedge’s g for mean estimation rather than Cohen’s d. While they are
similar, Hedge’s g is preferred in meta-analysis as it adjusts for sample size.
This difference in approach may impact reliably of Effect Size (ES) change.

@ Springer

Overall differences were mostly negligible (see Table 7).
In the simulation condition, effects are smaller in the pre-
sent analyses than observed previously, although the most
pronounced difference was observed in RDF (AES =-0.5).
This study also observed smaller effect sizes across crite-
rion designs on NIM (AES =-0.32). MAL (AES =-0.35),
and RDF (AES =—0.14). Sensitivity and specificity patterns
are generally the same as those observed by Hawes and
Boccaccini (2009), with minor decreases in scale sensitivity
(NIM >92=0.37 vs 0.59) and corresponding increases in
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Author(s) and Year SMD [95% CI]
Boress (2022)b — 0.81[0.45, 1.17]
Ingram (2023) —a— 0.79[0.52, 1.05]
Kurtz et al (2023) —— 1.35[1.04, 1.66]
Schroeder et al (2025) —a— 0.56 [0.25, 0.87]
Shura et al (2023)a —— 0.53[0.28, 0.79]
Shura et al (2023)b ——— 1.27[0.88, 1.67]

i 0.87[0.59, 1.15]
i | T | |
0 05 1 15 2
Standardized Mean Difference

Fig.8 CB-SOS-1 random effects forest plot

Author(s) and Year SMD [95% CI]

Boress (2022)b ] 0.93[0.56, 1.29]
Ingram (2023) —— 0.68[0.42, 0.95]
Schroeder et al (2025) —— 0.72[0.40, 1.04]
Shura et al (2023)a —a— 0.62[0.37, 0.88]
Shura et al (2023)b —_ 1.36 [0.97, 1.76]
- 0.84[0.58, 1.10]

I ! I 1

0 05 1 15 2

Standardized Mean Difference

Fig. 9 CB-SOS-2 random effects forest plot

specificity (NIM >92=0.95 vs 0.80) in this study compared
to theirs, respectively (Figs. 4, 5, 6, 7, 8, 9, and 10).

Discussion
This study provides an updated and comprehensive meta-

analysis and research synthesis of the Personality Assess-
ment Inventory (PAI)’s over-reporting scales. It includes

78 effect sizes across 43 articles and covers both standard
(i.e., NIM, MAL, RDF) and supplemental (i.e., NDS, MFI,
CBS, SOS, and HMI) scales. Methodologically, we com-
pared scale mean scores using a series of random and fixed
effect meta-analyses for each scale and across study-coded
criterion groups developed based on historic moderating
influences (e.g., published/unpublished, simulation/crite-
rion design, coached and uncoached simulation design).
We also compared effects observed to those of Hawes and
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Author(s) and Year SMD [95% CI]
Boress (2022)b ——— 1.00 [0.63, 1.36]
Ingram (2023) — 0.78[0.52, 1.05]
Kurtz et al (2023) —— 145[1.13,1.77]
Schroeder et al (2025) —-— 0.70[0.38, 1.02]
Shura et al (2023)a —— 0.56[0.31, 0.81]
Shura et al (2023)b — 1.27[0.87, 1.66]

——— 0.94[0.67,1.22]
T T T 1

0 05 1 5 2

Standardized Mean Difference

Fig. 10 CB-SOS-3 random effects forest plot

Table 6 Cut-scores for standard PAI over-reporting scales

Sensitivity Specificity
k M SD M SD
NIM
73 8 S1 21 .87 .06
84 10 .39 21 .93 .10
92 15 37 18 .95 .06
110 6 27 .16 .99 .01
MAL
84 17 40 21 .95 .04
111 9 .19 15 .99 .00
RDF
0 13 .60 24 .80 .06
CBS
16 5 .39 13 .85 .08
19 7 .29 12 .93 .03
21 5 .18 .09 .96 .01

NIM, Negative Impression Management; MAL, Malingering Index;
RDF, Rogers Discriminate Function; CBS, Cognitive Bias Scale

Boccaccini (2009) and computed average sensitivities and
specificities across scales. In addition to the originally
examined Negative Impression Management (NIM; k=71),
Malingering Index (MAL; k=56), and Rogers Discrimi-
nant Function (RDF: k=52) validity indices, this study
analyzes the Negative Distortion Scale (NDS; k=16),
Multiscale Feigning Index (MFI; k=8), Hong Malingering
Index (HMI; k=7), Cognitive Bias Scale (CBS; k=8), and
the Cognitive Bias Scale of Scales (CB-SOS; k=5—6).

@ Springer

Table 7 SMD differences between this study and Hawes and Boccac-
cini (2009)

Current Study Hawes and Boccaccini
(2009)
Type k g k d SMD Dif-
ference
NIM
Overall 71 1.50 23 1.48 .02
Simulation 58 1.51 16 1.68 -17
Criterion 13 0.74 7 1.06 -32
MAL
Overall 56 1.07 19 1.15 -.08
Simulation 43 1.16 12 1.27 -11
Criterion 13 0.59 7 0.94 -35
RDF
Overall 52 0.99 15 1.13 -.14
Simulation 39 1.19 9 1.69 -.50
Criterion 13 0.17 6 0.31 -.14

SMD, standardized mean difference; SMD differences were calcu-
lated by subtracting Hawes and Boccaccini (2009) Cohen’s d values
from this study’s Hedge’s g values; SMD, Standardized Mean Dif-
ference; NIM, Negative Impression Management; MAL, Malingering
Index; RDF, Rogers Discriminate Function

We hypothesized (1) each of the PAI validity scales’ group
difference magnitudes would fall within the standard effect
range (0.75 to 1.75), (2) simulation studies would outperform
criterion studies by between half and full standard devia-
tion (0.50 to 1.00), and (3) coached simulation designs will
more closely approximate criterion groups by a moderate
magnitude of effect (approximately 0.30 effect difference).
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Our results support these hypotheses as well as the over-
reporting scales of the PAI at their detection over-reporting.
Specifically, we found that (1) scales generally differentiate
between over-reporting and honest responders, (2) these
effects were larger in simulation than criterion designs, (3)
coached simulation designs more approximated effects seen
in criterion designs than uncoached designs, (4) published
studies demonstrated smaller effects than unpublished, and
(5) these effects are slightly different in magnitude than those
observed in Hawes and Boccaccini’s (2009) meta-analysis,
demonstrating smaller effects overall. These findings are dis-
cussed for the PAI over-reporting scales, as well as broader
self-report symptom validity detection theory.

Personality Assessment Inventory

Overall, the PAI over-reporting scales and supplemental
indicators (i.e., NDS, MFI, CBS, CB-SOS, HMI) fell within
Rogers and Bender’s (2018) mean-analyzed (e.g., Cohen’s
d or Hedge’s g, for instance) range of moderate to large.
Published studies’ effect sizes were also mildly smaller than
unpublished studies on all scales, g,7rence =0.21—0.59.
However, published studies paradoxically demonstrated
more bias toward larger effects than unpublished studies (see
supplemental figures). These minor differences may result
from study characteristics (i.e., higher proportion of simula-
tion designs in unpublished studies) as well as fewer unpub-
lished studies analyzed (K, pupiishea =11 V8 Kpupiishea=67)-

Criterion and Simulation Designs Simulation and crite-
rion studies provide data on the efficacy (controlled design)
and effectiveness (clinical application), respectively, of the
PAI over-reporting scales. As expected, studies differed based
on their design characteristics. Simulation studies demon-
strated larger effects than criterion studies, with difference
ranges from moderate (MAL &0 =0.57) to large (NDS
8aifference=1.0). This trend is consistent with past research
on the PAI (Hawes & Boccaccini, 2009). Criterion-grouped
studies were also less accurate in capturing constructs of
interest (e.g., explained variance) relative to simulation
designs (=71% vs 91% in simulation designs). The meth-
odological distinction between PVT and SVT criterion could
play a role (Larrabee, 2012; Ord et al., 2021), with the former
serving as a staple of criterion group classification.

Criterion studies examined mostly individuals with sus-
pected neurocognitive dysfunction or were part of stand-
ard neuropsychological evaluations. Such over-sampling
of a single evaluative context may also influence scale
effectiveness due to base rates of symptoms. For instance,
one might expect that assessment of over-reported cogni-
tive impairment would be well assessed, whereas severe
psychopathology may not (see Sweet et al., 2021). Prior

studies have often found negligible to small effect sizes
differentiating types of impairment on broadband measures
(Ingram et al., 2024, Morris et al., 2022). Small differences
are unsurprising given that PAI over-reporting scales gen-
erally share 50% (or more) of their variance, regardless of
construction method or domain assessed in those scales
(Shura et al., In press).

Criterion studies have an advantage over simulation
studies—they assess genuine versus feigned symptomol-
ogy, which more accurately mirrors genuine malingering
(i.e., increased external validity; Rogers & Bender, 2018, p.
594). Indeed, only 35% of simulation studies used a clinical
control group. This distinction can be found in funnel plots
(found in the supplemental materials), wherein simulation
studies demonstrate bias for larger effects not evident in
criterion designs. This trend suggests that, while the PAI’s
over-reporting indices are greatly efficacious, their effective-
ness in clinical settings is more tempered, particularly for
RDF which failed to produce evidence of utility outside of
simulation designs.

The large differences between simulation and criterion
designs affect several scales in the PAI, and the ratio of sim-
ulation studies to criterion studies may explain overall differ-
ences in indicator performance (i.e., the higher the simula-
tion to criterion ratio, the larger the overall effect size). For
example, RDF has a moderate effect (g =0.99) overall, but
it does not effectively differentiate between groups in crite-
rion studies (g =0.17). The proportion of simulation stud-
ies (79%) comprising this meta-analytic estimate also likely
inflates its performance. Conversely, most studies examin-
ing the CBS and CB-SOS indicators are criterion designs
with scales resting consistently within a narrow, moderate
sized effect range, g =0.84 (CB-SOS-2) to g=0.94 (CB-
SOS-3). After excluding the single simulation designs, CBS
and the CB-SOS scales (except CB-SOS1) evidenced larger
differences in criterion designs over the standard PAI over-
reporting indicators (g=0.78 [CB-SOS-3] to g=0.85 [CBS]
vs g=0.17 [RDF] to g =0.74 [NIM]). This strong criterion
relationship is not surprising given that the CB-SOS scales
were developed using a bootstrapped method to predict PVT
failure (Burchett & Bagby, 2022), often what was also pre-
dicted in those studies (Boress et al., 2022a, 2022b; Gaase-
delen et al., 2019). In our analysis, MFI (g =0.92; Table 2)
performed the best across criterion designs for all PAI over-
reporting scales.

Coached and Uncoached Designs Effect sizes were
generally larger in uncoached designs (g igerence = —0-01
[RDF] to 0.62 [NDS]), a pattern consistent with past mod-
erated random effect models in other broadband meas-
ures (e.g., Ingram & Ternes, 2016). Interestingly, the
variance explained was slightly larger in the uncoached
conditions (I2 =94% vs 90%); however, sample variance

@ Springer
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was larger in this condition compared to coached designs
(7 =0.87 vs 0.52, respectively). Such differences in vari-
ation reflect the nature of how coaching shapes response
patterns (Veltri & Williams, 2013), such as when partici-
pants are informed of the scales and how to feign on them.
Uncoached designs may outperform coached in overall
effect while demonstrating more variance because simula-
tors use diverse feigning approaches and are theoretically
less sophisticated than someone informed about the test.
Unfortunately, there is limited research on participant-
centered perceptions during feigning. Studies focused on
participant described feigning methods (e.g., what strategy
did you take, how did you decide which items to endorse,
what type of information did you want to convey/hide,
etc.) would be a fruitful and timely addition to the lit-
erature. Additionally, constructs such as insight, mental
health literacy, as well as emotion awareness and regula-
tion may be relevant covariates and may explain endorse-
ment approaches themselves.

Comparison to Prior Meta-Analysis The last meta-anal-
ysis on the PAI over-reporting indices was conducted by
Hawes and Boccaccini (2009). Due to differences in inclu-
sion criteria (e.g., including data not publicly available)
and study availability, the current study only included 13 of
the original 26 studies they analyzed. Despite these differ-
ences, findings from this study align with trends observed
in their meta-analysis of the standard PAI over-reporting
scales. Indeed, minimal differences between effect sizes
across scales and conditions were observed between this
study and Hawes and Boccaccini’s (2009) original inves-
tigations. This study showed mild decreases in standard-
ized mean difference* effects on NIM (AES =32) and MAL
(AES =35) in criterion studies as well as RDF’s perfor-
mance in simulation designs (AES =50). These differences
reflect the increase in study sample size (k) as well as dif-
fering study demographics between meta-analyses. Nota-
bly, despite these small differences, effect sizes remain in
the over-reporting standard effect range across PAI both
meta-analyses.

Method trends since Hawes and Boccaccini (2009)
have largely remained unchanged, despite recommenda-
tions and broader SVT development discussions (e.g.,
Burchett & Ben-Porath, 2019; Whiteside & Basso, 2024).
One issue that occurs across meta-analytic studies, as
noted by Hawes and Boccaccini (2009), is that standard
cut-off values are not always evaluated. Failing to provide

4 Hawes & Boccaccini (2009) used Cohen’s d whereas this study
used Hedge’s g, which is preferred in meta-analysis as it adjusts for
sample size. This difference in approach may impact reliably of Effect
Size (ES) change.
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standardized cut scores reduces information available for
standard clinical decisions, as well as reduces information
on extreme scores—which tend to be of the most inter-
est in scale interpretation. Since their paper, reporting of
standard cut scores (as provided in Morey, 1991, 2007)
remains uncommon. For example, only 19% of studies
(k=15) examining NIM included sensitivity and speci-
ficity values at the recommended cut score of 92 (Table 2).
Posterior probabilistic statistics (e.g., positive and nega-
tive predictive power) are also not regularly presented
for contextual information about these scales’ utility (see
Leonhard, 2023a). Additionally, most studies use stringent
comparisons (e.g., pass all versus fail 2 +PVTs) that elim-
inate ambiguity commonly observed in clinical practice
among overreporting while inflating the observed effect
sizes (Fa). Mixed clinical samples also complicate inter-
pretation for criterion designs because it creates a false
dichotomy (i.e., honest versus uncredible) (Faust, 2023),
ignoring the continuum of effort and intention in feigning
research (Aita & Hill, 2022).

Trends and Future Directions of Self-Report
Symptom Validity Detection

Meta-analytic effects observed in this study generally follow
effect size trends seen in other broadband personality instru-
ments (Ingram & Ternes, 2016; Sharf et al., 2017). The PAI
scales in our study appear to perform generally equitably
to one another (particularly in the case of criterion evalua-
tion), suggesting that the scales capture a broad trait (e.g.,
response bias) rather than specific domains or approaches
(c.f., Sherman et al., 2020). Such a possibility is supported
by scale-level analysis (Gaines et al., 2013; Ingram et al.,
2024), multivariate analysis (Aita et al., 2022; Aita et al.,
in press), and population level correlation patterns (Shura
et al., In press). This similarity in performance highlights
several substantial methodological and statistical issues in
validity testing (see Leonhard, 2023a, 2023b, 2023c), as
well as providing direction for growth. While not revisiting
those criticisms, or responses to them (e.g., Bush, 2023;
Young & Erdodi, 2024), we discuss three specific recom-
mendations for symptom validity research.

First, researchers should focus on growing mechanis-
tic research within experimental designs (Halligan et al.,
2003). This approach might help explain the notable differ-
ences between simulation and criterion and target under-
lying motivational and test engagement processes. While
there are decades of meta-analyses on personality assess-
ment over-reporting, there is limited experimental and
methodological advancement. For instance, only a single
study of the PAI or MMPI-family of measures has used a
between-within design in the last 20 years to our knowl-
edge (Baity et al., 2007). These designs may help explain
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discrepancies of performance observed with RDF in this
study or help contextualize longstanding test bias issues
such as an over-identification of minoritized individuals
(e.g., Geisinger et al., 1998). Additionally, few criterion
studies were identified outside neuropsychological set-
tings, which heavily weighs performance-based criterion
measures in examining scale effectiveness (73% of criterion
studies in the current study examined cognitive dysfunction
and used PVT failure as the criterion). These limitations
in known group designs examining psychiatric, somatic,
or other impairment limits knowledge of a scale’s clinical
effectiveness (Rogers & Bender, 2018, p. 594). Likewise,
there is a lack of research examining what, how, and when
(if at all) feigners incorporate coaching to achieve their
intended goal. For example, the mainstreaming of Artificial
Intelligence can impact the test information that is available
to clients, and limitations in test security (e.g., accessibility
of item content, scale construction and scoring, etc.) and
research-synthesized coaching may impact validity. These
are, in our view, several of the more critical ways in which
current SVT research approaches fail to capitalize on the
strength of experimental design.

Second, it would be wise to consider broader pat-
terns that emerge across the substantive scales, as well as
between validity scales. The growth of scale-based infre-
quency approaches offers a pivotal approach to improving
SVT practice, regardless of if conducted at the univari-
ate or multivariate level. Emerging multivariate base rate
research has similarly shown its effectiveness on the PAI
(Aita et al., in press). Interestingly, sensitivities using the
multivariate base rate approach were higher than the stand-
ard range seen for individual scales (e.g., 0.10 to 0.50).
Within this expanded infrequency framework, scale level
indicators could include not only the probability of indi-
vidual item endorsement but also frequencies of floor and
ceiling effects (Aita et al., in press), elevation rates, or mean
scores (Ingram et al., 2024). The MFI follows the assump-
tion that “Individuals tend to report numerous symptoms
across a wide variety of diagnostic categories rather than
focusing on a particular diagnostic category” (Gaines et al.,
2013; p. 439). Thus, elevated validity scales are likely to
co-occur on the PAI, likely as a function of the substantial
portion (~50%) of shared variance (Schroeder et al., 2025;
Shura et al., In press) instead of as a function of domain-
specific presentation. Future studies should test meaning-
ful differences between over-reporting scales, particularly
when those scales claim to measure distinct and theorized
domains of functioning (e.g., cognitive-focused symptoms,
such as targeted by CBS and CB-SOS). While there are
no agreed upon metrics about the size of effect required
to effectively differentiate these domains, such distinctions
are important to investigate in SVT research. For instance,

while medium effect differences are a standard threshold
for clinical significance (e.g., Ferguson, 2009), small effects
may also be meaningful in certain types of decisions (Bak-
ker et al., 2019). Determining the meaningful size of such
comparisons is beyond the scope of this paper, but careful
determination of these needs is critical to help refine symp-
tom validity theory.

Lastly, adherence and standardization of reporting met-
rics will also improve SVT research. Hawes and Boccaccini
(2009) recommended a standard inclusion of cut scores for
classification accuracy and this call remains as critical now
as it was then. Without these specific cut-points to analyze,
meta-analytic findings rely on a mean-centered approach
(e.g., on average, is group 1 higher on a scale than group
2), but such approaches produce substantial individual vari-
ability (e.g., standard deviation) and fail to provide explicit
information about other scale distributional qualities. Given
that means become less reliable as the underlying distribu-
tion loses its normality, meta-analytic methods should be
applied to classification accuracies as current averaging
approaches do not provide a population-weighted metric.
The PAI appears well positioned to continue contributing to
these questions and advancing methodological approaches
and statistical considerations for self-report symptom valid-
ity detection.

Conclusions

Overall, all PAI standard over-reporting scales and sup-
plemental indices except RDF are effective in discriminat-
ing between credible and non-credible responders across
contexts and study designs. Notable differences emerged
between simulation and criterion designs as well as pub-
lished and unpublished studies. These trends follow pat-
terns observed in the last meta-analysis on the standard
over-reporting scales conducted 15 years ago (Hawes &
Boccaccini, 2009). Moreover, mostly equitable effect sizes
across PAI scales with one another and other broadband
over-reporting measures (i.e., the MMPI-2-RF) support a
broad symptom endorsement strategy of over-reporting—con-
sistent with research on multivariate base rates (Aita et al.,
2022; Ingram et al., 2024). These findings underscore the
need to continue discussions around statistical and meth-
odological issues in validity assessment (Leonhard, 2023a,
2023b, 2023c), standardize reporting of common cut-scores
and classification statistics (Hawes & Boccaccini, 2009 for
their recommendations), and further examine these indices
in real-world contexts.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s10862-025-10233-9.
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