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Abstract Acquiescence is a commonly observed response style that may distort
respondent scores. One approach to control for acquiescence involves creating a bal-
anced scale and computing sum scores. Other model-based approaches may explic-
itly include an acquiescence factor as part of a factor analysis or multidimensional
item response model. Under certain assumptions, both approaches may result in
acquiescence-controlled scores for each respondent. However, the validity of the
resulting scores is one issue that is sometimes ignored. In this paper, we present an
application of these approaches under both balanced and unbalanced scales, and we
report changes in criterion validity and respondent scores.
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1 Introduction

1.1 Large-Scale Assessment of Socioemotional Skills
and the Self-report Method

Evidence has consistently indicated that socioemotional skills can predict many life
outcomes (Ozer & Benet-Martínez, 2006), including job-related variables (Heck-
man, Stixrud, & Urzua, 2006), quality of life (Huang et al., 2017), psychopathology
(Samuel &Widiger, 2008), and physical health (Allen,Walter, &McDermott, 2017).
Among students, such skills have been associated with academic performance even
when partialling out intelligence (Poropat, 2014), perhaps because these skills foster
multiple learning strategies andpositive self-beliefs (Zhang&Ziegler, 2018).Consid-
ering that such individual differences not only change over time (Soto, John, Gosling,
& Potter, 2011), but can also be enhanced via school-based interventions (Lipnevich,
Preckel, & Roberts, 2016), they represent key variables to modern national education
policies.

Althoughmany strategies exist for the assessment of socioemotional skills among
students, the self-report method is recommended because it is simple, easy, and
has a low cost compared to alternative techniques (Kyllonen, Lipnevich, Burrus,
& Roberts, 2014). One recently published self-report inventory designed for the
assessment of non-cognitive skills among students is SENNA (Primi, Santos, John,&
De Fruyt, 2016). It contains 18 self-report scales using 5-point Likert-type items and
provides researchers and public agencies with information on five broad dimensions
of socioemotional skills: Open-mindedness (O), Conscientious Self-Management
(C), Engaging with others (E), Amity (A), and Negative-Emotion Regulation (N)
(John, Naumann, & Soto, 2008).

1.2 Self-report Method and Response Styles

Although the self-report method has many merits, it does not result in error-free
information about respondents. Scores calculated on self-report data may be con-
taminated by random error or by systematic components unrelated to the trait of
interest. Systematic biases include “response styles” (Paulhus, 1991) or “method
variance” (McCrae, 2018). Response styles (RS) represent individual differences
in the usage of response scales. For instance, some respondents will tend to man-
ifest their agreement or disagreement with the content of an item by choosing the
extremes of the Likert scale, while others will systematically avoid extremes. RS
represent relatively stable individual differences (Weijters, Geuens, & Schillewaert,
2010; Wetzel, Lüdtke, Zettler, & Böhnke, 2015) and may account for up to 40%
of item variance (McCrae, 2018). When separating trait and state components in
repeated measures designs, response styles seem to be responsible for up to 59% of
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systematic state variance (Wetzel et al., 2015). By adding nuisance variance to the
data, RS can impair the validity and reliability of test scores (Ziegler, 2015).

1.3 Acquiescence and the Assessment of Socioemotional
Skills

Acquiescence (ACQ) is one response style that deserves closer attention in the self-
report assessment of socioemotional skills among youths. ACQ refers to a tendency
to agree with items at the expense of their content (Paulhus, 1991). For instance,
a student might indicate that he or she agrees (e.g., “4” on a 5-point Likert scale
ranging from 1 = strongly disagree to 5 = strongly agree) with two items such as
“I am an introvert” and “I am an extravert.” Of course, such a response pattern is
semantically contradictory, and it indicates agreement in detriment to consistency.
In some cases, ACQ may reflect cognitive simplicity (Knowles & Nathan, 1997) as
it occurs more often among under-educated people (Meisenberg &Williams, 2008),
older adults (Weijters et al., 2010) and younger children and adolescents (Soto, John,
Gosling, & Potter, 2008).

With respect to self-reports of socioemotional skills, ACQ has the potential to
diminish correlations between semantically opposite items, creating method factors
among negatively worded items (Kam & Meyer, 2015). ACQ can also increase cor-
relations among items capturing unrelated traits (Soto et al., 2008). Accordingly,
factor structure distortions are very likely to occur in the presence of ACQ. In a
simulation study, ACQ caused classical parallel analysis and Hull methods to over-
estimate the number of factors to retain, and MAP and permutation parallel analysis
to underestimate it (Valentini, 2017).

Moreover, ACQ can attenuate external validity (Mirowsky & Ross, 1991). ACQ
tends to inflate scores of scales composed of mostly positively worded items. Thus,
ACQ might impact the validity of a scale in a manner proportional to the amount of
positively- and negatively-keyed items. At the same time, ACQ is often negatively
related to achievement, suggesting that high ACQ can be explained in part by low
language skills. Therefore, the criterion validity of socio-emotional skills may be
suppressed by ACQ. In real data and using a classical scoring approach, Primi, De
Fruyt, Santos, Antonoplis, and John (2018) found that partialling out ACQ resulted
in disattenuated associations of socioemotional skills with achievement tests of lan-
guage (from .13 to .21) and math (from .11 to .17).

1.4 Controlling for Acquiescence

One traditional way of controlling for ACQ is to create a balanced scale in which
each positively worded item is paired with an antonym (a negatively worded item),
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such as: I am often talkative /I am often quiet. On balanced scales, it is expected that
subjects will give mirrored responses to antonym pairs (e.g., 5-1, 4-2, 3-3, 2-4 and
1-5 on a 5-point Likert-type item). If the response pattern of subject j is semantically
consistent, then the average of subject j’s item responses before reverse codingwill be
the midpoint of the response options (in this case, 3; Soto et al., 2008). The person’s
average of the item responses before reverse coding negative items is the classical
index of ACQ (acq j ).

Under certain assumptions (e.g., positively and negatively worded items are on
average equally vulnerable to ACQ; Savalei & Falk, 2014a, b), classical scoring
procedures will result in unbiased estimates of the respondents’ scores. In essence,
the effect of ACQ on positive and negatively worded items “cancels out” when
computing a total score. For example, Primi et al. (2019) shows that scr j , the classical
average score of subject j on a balanced scale (with a 5-point Likert type item scored
from 1 to 5), can be written as:

scr j = 3 + 1

2

(∑k(p)
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i j
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where k(p) equals the number of positive items, k(n) is the number of negative items,
x (p)
i j and x (n)

i j are subject j’s original responses (before reverse coding) on positive
item i , and negative item i , respectively. Inside parentheses, the classical score is
a function of the difference between the average agreement with positive versus
negative items. The more inconsistent the responses to antonym items are, the more
the term in parentheses will tend towards zero. Semantically consistent responses,
however, will tend to result in either larger or smaller scr j , depending on the subject’s
standing on the trait.

In unbalanced scales (i.e., k(p) �= k(n)), classical scores may not be fully corrected
and ACQ will not fully cancel out. In such a case, a form of within-person centering
(or ipsatization) is sometimes recommended to control for ACQ (e.g., Soto et al.,
2008). In the first step, an ACQ index (acq j ) is calculated as the average of only
antonympairs of items.Next,ACQ is removed from the raw item scores (xi j − acq j ).
Raw scores for the reverse-keyed items are then multiplied by −1, and scale scores
are obtained by averaging these items with those of the positively worded items.

1.5 Item Response Theory with Questionnaires
and Acquiescence

Item response theory (IRT)models are routinely usedwhen scaling constructs derived
from questionnaires in large-scale educational assessments. While much is known
about the effect of ACQ in balanced and unbalanced classical scores (Ten Berge,
1999; Primi et al., 2019), less is understood about the effect of ACQ on latent trait
scores estimated via IRT. Since it is known that ACQ, even with a balanced scale,
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may contaminate the covariance structure when performing linear factor analysis
(e.g., Savalei & Falk, 2014a, b), we conjecture that IRT-based models may also
be vulnerable to the effects of ACQ. For instance, the graded response model and
generalized partial credit models are commonly used IRT models for the analysis of
ordered polytomous responses (De Ayala, 2009), but may not automatically correct
for ACQ. There are, however, a number of model-based approaches that could be
used to control forACQ, such as those based on the random interceptmodel (Billiet&
McClendon, 2000;Cai, 2010;Maydeu-Olivares&Coffman, 2006;Maydeu-Olivares,
& Steenkamp, 2018).

Although we provide some details on these models later, some key questions
emerge regarding the consequences of ACQ regardless of the method used. Simu-
lations and analytical proofs are useful for studying whether a modeling approach
can recover population parameters or results in bias, as well as the consequences of
fitting a misspecified model. In practice, however, we never know the true model and
whether a more complex modeling approach fits the data better because it is a better
approximation to reality or because it is fitting noise. Supposing that we are interested
in using self-management scores to predict an objective real-world outcome, wemay
wonder about the consequences of ignoring ACQ or using a specialized approach
to control for it. For example, how does the use of one model versus another affect
the validity of IRT scores? Are there differences if questionnaires are balanced or
unbalanced? Are there any differences in scoring bias when comparing classical
and IRT-based approaches? We therefore present an empirical study comparing the
criterion validity of classical scores against four IRT approaches.

2 Method

Our main goal was to explore the criterion validity of self-management scores esti-
mated via IRT. Previous research with classical scores suggests that ACQ suppresses
criterion validity, and that ACQ-controlled scores show relatively higher validity
(Primi, Santos, De Fruyt, & John, 2018). In the present study, we calculated scores
via IRT, and then explored their criterion validity. We wanted to examine if classical
scores are similar toACQ-controlled trait estimates.We also compared these findings
on a balanced versus an unbalanced item set.

2.1 Data

We reanalyzed data from Primi et al. (2018). Data comprised of 12,987 adolescents
(52.7% female) from grades 7, 9, and 10, who ranged in age from 12 to 20 years (M
= 16, SD = 1.85). Participants were regular students attending 425 public schools
located in 216 cities of the state of Sao Paulo. Students completed SENNAas part of a
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reading literacy program developed by the Ayrton Senna Institute and in partnership
with the state secretariat.

2.2 Instruments

We focused on the 45-item Conscientious Self-Management Scale (C) from the
SENNA inventory (Primi et al., 2018). The scale contains 30 antonym pairs, 15
positively-keyed and 15 negatively-keyed items, with an additional 15 positively-
keyed items. The scale is therefore unbalanced. In what follows, we performed the
analyses twice: Once on the 30 antonym pairs (the balanced item set), and a sec-
ond time on the complete 45-item set (the unbalanced item set). Students responded
using a 5-point scale. We also had two measures of students’ academic achievement:
standardized assessments for language and math (SARESP—Assessment of Educa-
tional Achievement at São Paulo State, in Portuguese—see http://saresp.fde.sp.gov.
br). These scores were used as criterion measures.

2.3 Data Analysis and Multidimensional IRT Modeling

In synthesis, the study design crossed two features: (a) two types of item sets: Bal-
anced versus unbalanced; and (b) five psychometric models to calculate scores: Clas-
sical, unidimensional IRT via a graded response model (GRM), a unidimensional
partial credit model (PCM; e.g., see De Ayala, 2009; Embretson, & Reise, 2000), and
two multidimensional IRT models that were an adaptation of the random intercept
model but based on either the GRM or PCM. Our main focus was the correlation
between self-management and standardized achievement in language and math.

When calculating classical scores, we obtained original scores (Raw ave) that are
simply the average of item responses after reverse coding negative items (equivalent
to computation of scr j ). We also calculated classical ACQ-controlled scores (ACQ
cntr) using the procedure advocated by Soto et al. (2008) for unbalanced items as
mentioned earlier in our manuscript, along with an acquiescence index (ACQ) via
average endorsement of the 15 antonym pairs before reverse coding. Note that in the
case of a balanced scale, Raw ave and ACQ cntr are equivalent; these indices differ
only for unbalanced scales.

Tounderstand the two random interceptmodels, consider boundary discrimination
functions for the GRM as follows

Pri = 1

1 + exp
(−(

a1iθ j + a2iζ j + cri
))

where Pri is short-hand for the probability of endorsing category r or higher for item
i. For each 5-point Likert-type item there will be four of these equations modeling the

http://saresp.fde.sp.gov.br
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transitions 1 versus 2345, 12 versus 345, 123 versus 34, and 1234 versus 5. a1i is the
discrimination for item i on the substantive trait, θ j , and a2i is a set of fixed weights
for item i associated with item wording and designed to capture ACQ. Values of a2i
were fixed to 1 if the item was positively worded, and −1 if the item was negatively
worded. With this fixed set of weights, ζ j represents ACQ. Finally, cir represents
an intercept term. This model is similar to what Maydeu-Olivares and Steenkamp
(2018) named the compensatory random-intercept model (see also Cai, 2010).

To estimate the model, we freed item discriminations (a1i ), and constrained the
trait variance to 1. Sincewefixed alla2i parameters,we freed thevarianceof the acqui-
escence factor, ζ j , and fixed the covariance between trait and acquiescence to zero
for identification. We also estimated a second model with all specifications similar to
the GRM but using a multidimensional PCM. This model fixed item discriminations
to 1, and estimated substantive trait variance. After calibrating item parameters, we
estimated subject factor scores using the Expected a Posteriori (EAP) algorithm.
Trait and acquiescence scores were named GRM f1 and GRM f2, respectively, for
the GRM and PCM f1 and PCM f2, respectively, for the PCM. (Chalmers, 2012)

3 Results

Table 1 shows descriptive statistics and criterion validity of the distinct types of scores
investigated here. Whereas the upper half of the table shows scores calculated with a
set of items balanced with respect to item wording, the lower half displays the same
set of scores but calculated using the unbalanced set of items. The last two columns
show zero-order correlations of various scores with standardized achievement in
language and math.

Some key points are worth noticing in Table 1. First, considering classical scores
in the balanced condition, we found that self-management was positively associated
with achievement in magnitudes consistent with previous literature (see Poropat,
2009), while acquiescence tended to be negatively associated with achievement
(Mirowsky & Ross, 1991). Second, Raw ave and ACQ cntr had the same association
with achievement (r = .22 and .18 for language and math, respectively). Consider-
ing the unbalanced item set, Raw ave showed smaller correlations with achievement
(r = .16 and .14) than did acquiescence-controlled scores, ACQ cntr (r = .20 and
.16). This result is likely a consequence of the suppression effect of ACQ discussed
earlier (see Primi et al., 2018). The negative correlation of ACQ with standardized
achievement in language (r = −.12) was slightly stronger than its correlation with
math (r = −.08), corroborating the idea that ACQ is associated with poor language
skills.

When we consider IRT estimated scores from the balanced set of items, we also
found a positive correlation between trait and achievement, but a negative correlation
between acquiescence and achievement. It is interesting to note that only the PCM
had validity coefficients that were of a similar magnitude as classical scores. On the
one hand, this is not surprising as sum scores are a sufficient statistic for estimating
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Table 1 Descriptive statistics and criterion validity of various scores based on classical, partial
credit, graded response model and random intercept multidimensional IRT models

Variables M SD Min Max Correlation

Lang. Math

Balanced scale

Classical scores

Raw ave 3.550.57 1.13 5.00 0.22 0.18

ACQ cntr 0.550.57 −1.87 2.00 0.22 0.18

ACQ 2.950.35 1.00 5.00 −0.12 −0.08

Unidimensional IRT

GRMa 0.000.96 −4.40 3.28 0.17 0.14

PCMb 0.000.54 −2.39 2.05 0.22 0.18

Random intercept MIRT

GRM f1c −0.010.96 −4.40 3.29 0.18 0.15

GRM f2 0.000.59 −3.58 3.67 −0.11 −0.07

PCM f14 0.000.60 −2.67 2.28 0.21 0.17

PCM f2 0.000.30 −1.80 1.78 −0.10 - 0.07

Unbalanced scale

Classical scores

Raw ave 3.530.58 1.07 5.00 0.16 0.14

ACQ cntr 0.570.58 −2.00 2.11 0.20 0.16

Unidimensional IRT

GRMe 0.000.98 −4.80 3.58 0.12 0.10

PCMf 0.010.61 −2.93 2.57 0.19 0.15

Random intercept MIRT

GRM f1g −0.010.97 −4.72 3.59 0.16 0.13

GRM f2 0.000.63 −3.99 4.08 −0.12 −0.08

PCM f1h 0.000.66 −3.09 2.71 0.20 0.16

PCM f2 0.000.35 −2.23 2.19 −0.10 −0.07

Note: Raw ave classical scores calculated via average item endorsing after reversing negatively
phrased items; ACQ cntr classical scores controlled for acquiescence using the procedure by Soto
et al. (2008); ACQ classical acquiescence index calculated via average endorsement of 15 antonym
pairs of items before reversing negatively phrased items; PCM IRT estimated scores based on the
partial credit model; GRM IRT estimated scores based on the graded response model; GRM f1 and
GRM f2 trait and acquiescence scores estimated from the random intercept graded response model;
PCM f1 and PCM f2 trait and acquiescence scores estimated from the random intercept partial
credit model. Fit indices were: aCFI = .68, RMSEA = .08, AIC = 1,062,104, BIC = 1,063,008;
bCFI = .73, RMSEA = .07, AIC = 1,043,494, BIC = 1,044,615; cCFI = .82, RMSEA = .06, AIC
= 1,022,051, BIC = 1,023,179; dCFI = .77, RMSEA = .07, AIC = 1,042,179, BIC = 1,043,091;
eCFI = .73, RMSEA = .08, AIC = 1,513,148, BIC = 1,514,829; fCFI = .78, RMSEA = .07, AIC
= 1,554,601, BIC = 1,555,954; gCFI = .84, RMSEA = .06, AIC = 1,485,955, BIC = 1,487,643;
hCFI = .82, RMSEA = .06, AIC = 1,5182,58, BIC = 1,519,618
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the PCM (De Ayala, 2009), but surprising given that the GRM is often described as a
more realisticmodel for data. Validity coefficients from the other threemodels (GRM
and both random interceptmodels)were similar inmagnitude, butwere slightly lower
than the validity of classical scores.

Although balanced scales have an equal number of items for each pole (15 items),
we still found a difference in item discrimination under GRM across positively (1.27
on average) versus negatively worded (1.03 on average) items, which might yield an
imbalance in the contribution of these items to EAP scores. Since the positive trait
pole was favored, the correction process also becomes unbalanced, and is no longer
similar to what occurred with classical scores. For instance, Raw ave correlated
negatively with ACQ (r = −.05) in the balanced condition while GRM correlated
positively with ACQ and GRM f2 (r =.09 and .07 respectively) This indicates that
the estimation of IRT scores may be slightly biased by ACQ even in balanced scales
due to differences in the discrimination between positively- and negatively-keyed
items. For instance, when discrimination is constrained equal across items (i.e., for
the random intercept PCM), then the correlation between ACQ and the estimated
trait becomes r = −.04.

For score estimates from the unbalanced item set, we found some noticeable
differences. Since there were more positively worded items and they had higher
discrimination (1.52 on average) than negatively worded items (0.79 on average)
under GRM, this might lead to an even stronger positive association of ACQ with
trait scores. In fact, classical acquiescence scores (ACQ) were positively correlated
with Raw ave, r = .18, PCM, r = .10, and GRM, r = .28. By contrast, correlations
between ACQ and self-management were lower when compared to EAP scores from
the random intercept models, GRM f1, r = .03, and PCM f1, r = .01.

Score inflation due to ACQ tended to suppress the correlation between self-
management and achievement. We see that the uncontrolled score Raw ave (r =
.16 and .14 for language and math, respectively) had lower validity coefficients than
ACQ cntr (r = .20 and .16). The random intercept GRM, GRM f1, had better coef-
ficients (r = .16 and .13) than the GRM (r = .12 and .10). Rasch models tended
to have better validities, as the unidimensional PCM (r = .19 and .15) and random
intercept PCM, PCM f1 (r = .20, .16), had the best validity coefficients of any IRT
model. Overall, it is possible that this result indicates that random intercept models
are producing scores that may be better controlling for ACQ.

Figures 1 and 2 show the effect of ACQ correction on scores. The upper part of
Fig. 1 shows the relationship between ACQ (x-axis) and Raw ave (y-axis) for the
balanced item set. When the ACQ index was near 3, scores had the full amplitude
of variation from 1 to 5. As subjects tended to respond inconsistently, that is, tended
to have ACQ > 3 or ACQ < 3, score variation was reduced. When agreeing was not
completely consistent, scores were corrected towards the scale’s center.

The lower part of Fig. 1 shows what happens in the unbalanced item set. We
see the relationship between ACQ (x-axis) and Raw ave (y-axis) on the left, and
between ACQ and ACQ cntr on the right (y-axis). In all graphs, we see a diamond
shape characterizing the ACQ correction, with an important difference. Original
scores (Raw ave) were correlated positively with ACQ (r = .18), but ACQ controlled
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Unbalanced

Fig. 1 Effects of acquiescence correction in classical scores of balanced scales (upper panel) versus
unbalanced scales (lower panel). Scores on y-axis and ACQ indexes in x-axis

scores (ACQ cntr) were slightly negatively correlated withACQ (r = −.08). Because
the scale had more positively than negatively worded items, the correction process
tended to produce the opposite effect, lowering high scores and increasing low scores
if subjects exhibited ACQ or disacquiescence, respectively. This impacts validity
coefficients because, in theory, ACQ is partialled out of ACQ cntr.

Figure 2 shows what happens with IRT scores, with ACQ always on the x-axis.
The left columns show plots for the balanced item set, and the right columns for
the unbalanced item set. On the y-axis, the upper panels represent PCM, the middle
panels GRM and the lower panels GRM f1.We see patterns similar to what is shown
in Fig. 1. In that scores may be corrected for ACQ. Nevertheless, we observe some
variability among methods in the amount that scores are confounded with ACQ.
There is no confounding for the PCM under the balanced item set (r = −.04),
but some confounding under the unbalanced item set (r = .10). The GRM was
slightly confounded in the balanced item set (r = .09), but much more confounded
in the unbalanced item set (r = .28). Finally, random intercept models were less
confounded. For example, for both balanced and unbalanced item sets, GRM f1
correlated with ACQ near zero, r = .03.
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Balanced Unbalanced

Fig. 2 Effects of acquiescence correction in IRT scores (partial credit—PCM, graded respon-
se—GRM and random interceptGRM f1) of balanced scales (left column) versus unbalanced scales
(right column). Scores on y-axis and ACQ indexes in x-axis
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4 Discussion

Acquiescence can negatively affect the criterion validity of self-report instruments.
Balanced scales or acquiescence-controlled scores for unbalanced scales are ways
to improve score validity (Mirowsky, & Ross, 1991; Primi et al., 2018; Soto & John,
2019). But less is known about ACQ corrections and the validity of IRT scores when
scales are composed of both positively and negatively worded items. We tested five
approaches spanning classical scoring, traditional IRTmodels and multidimensional
IRT models based on the random intercept model (Billiet & McClendon, 2000; Cai,
2010; Maydeu-Olivares & Coffman, 2006; Maydeu-Olivares, & Steenkamp, 2018;
Primi et al., 2018). The two modified versions of the random intercept models added
an extra factor to explicitly model ACQ, and these were based on the GRMand PCM.
These models produced ACQ-controlled IRT trait scores and also IRT ACQ index
scores. The best of these models was the random intercept PCM.

We found that ignoring the possibility of ACQ is the worst-case scenario in terms
of criterion validity. In balanced scales, the unidimensional PCM performed better
than the GRM. With unbalanced scales, unidimensional GRM scores had the worst
criterion validity. We suspect that either different item loadings for the GRM are
picking up on some misspecification (lack of modeling ACQ) or that unique item
content is important for criterion validity and is more equally considered under the
PCM.
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