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Abstract

Screening questionnaires administered in community samples may allow to early identify suicidal ideation (S.I.). Although
the results found in these samples suggest that S.I. behaves like a unipolar trait or a quasi-trait, it is routinely assessed using
procedures developed for bipolar traits. Therefore, the main aim of this study is to determine whether there is a basis for
modelling S.I. as a bipolar trait, a unipolar trait, or a quasi-trait with two classes of individuals (symptomatic and asympto-
matic). In a community sample and mainly at the scoring level, we compare the results provided by fitting three models based
on different assumptions: GRM (bipolar traits), LL-GRM (unipolar traits) and FMA (quasi-traits). 773 Spanish participants
answered a S.I. and a life satisfaction questionnaires. GRM and LL-GRM provided equivalent results at the structural level,
but not at the scoring level, especially in the conditional and marginal accuracy of the estimated scores. While the GRM
scores are highly accurate only in a narrow range well above the mean, the LL-GRM scores are highly accurate in a much
wider range around the mean. They also have different implications for the prediction of life satisfaction. FMA results sug-
gest that an asymptomatic and a symptomatic class could not be clearly differentiated. In conclusion, LL-GRM would make
it possible to accurately measure a larger number of subjects in a community sample than GRM, leaving fewer cases of
vulnerable people unidentified. These results should be considered by researchers and professionals when deciding which
modellings to use for screening purposes.

Keywords Suicidal ideation - Unipolar trait - Quasi-trait - Graded-Response model - Log-Logistic model - Factor Mixture
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According to the World Health Organization (2021), every
year more than 700,000 people commit suicide. In fact, sui-
cide was the fourth leading cause of death among adoles-
cents and young people in 2019 (World Health Organization,
2021). For this reason, suicidal behaviour is considered to be
a serious health problem and a global challenge throughout
the life course, including youth.

When addressing this problem, suicidologists and public
health officials tend to focus on suicides and suicidal behav-
iours, which means that people with suicidal ideation (S.1.)
receive less attention than they need in prevention research,
clinical treatments and health care policies (e.g. Jobes &

< Fabia Morales-Vives
fabia.morales @urv.cat

Psychology Department, Universitat Rovira i Virgili,
Tarragona, Spain

2 Research Center for Behavior Assessment (CRAMC),
Tarragona, Spain

Published online: 28 May 2022

Joiner, 2019). However, thoughts of suicide are the first sign
of possible future suicidal behaviour (Nock et al., 2008).
Furthermore, according to Franklin et al. (2017), the main
risk factor for presenting S.I. is having previously suffered
from S.I. Therefore, the early identification of those people
with S.I. would help in reducing suicidality in adolescence
and youth, and preventing S.I. and suicidal behaviours in
the long term.

Instead of waiting for the first signs of psychopathology
or suicidal behavior to manifest, one way of identifying S.I.
early is to use screening tools such as questionnaires on a
community sample from the general population (as opposed
to a clinical sample). In this type of scenario, many clini-
cal instruments (not only S.I. questionnaires) have been
observed to behave as if they were measuring a type of con-
struct different from those measured by cognitive tests or
normal-range questionnaires. More specifically, many instru-
ments of this type appear to assess what Reise and Waller
(2009) called unipolar traits or “quasi-traits”, which means
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traits that are only (or mostly) relevant in one direction, with
the variation at the other end of the scale being less informa-
tive from both a substantive and a psychometric perspec-
tive. Thus, in clinical traits of this type, one end of the scale
represents severity while the other end represents absence
of the pathology: for example, depression at one pole and
lack of depression (which is something very different from
happiness) at the other pole. In contrast, bipolar or dimen-
sional traits have meaningful variation at both poles of the
trait (for example, extraversion at one pole and introversion
at the other). Furthermore, the distribution of the clinical
unipolar or quasi traits tend to be positively skewed in the
general population (e.g. Magnus & Liu, 2018a, b), because
most people have no symptoms (or very low levels in the
construct) and so are grouped at the lower end of the scale,
with no, or very little, variability between them. In contrast,
the upper end of the scale reflects variability at the higher
levels of severity of the pathology (Reise & Waller, 2009).

So far, unipolar traits and quasi-traits have been used
as essentially interchangeable terms. However, Reise et al.
(2018) proposed a distinction which we consider to be highly
relevant here: The term “quasi-trait” refers to a construct
which is only relevant at one end (generally the upper end)
of the continuum whereas the other end only reflects absence
of the disorder and is totally irrelevant. In contrast, the term
“unipolar’ trait refers to a construct that is far more mean-
ingful at one end of the continuum than at the other end.

Although the view summarized so far seems quite plausi-
ble, screening clinical instruments of this type (and particu-
larly those that deal with S.I.) are typically fitted and scored
using the standard methodology that was initially developed
for measuring bipolar traits, an approach that Reise et al.
(2018) referred to as “business-as-usual” analysis. However,
if the trait under study truly behaves as a unipolar or a quasi-
trait, the use of the standard bipolar approach might have
important implications for the estimation of the individual
scores and, therefore, for further decisions based on these
scores, such as determining appropriate cut-off values for
identifying at-risk individuals. In this respect, it seems that
most studies about clinical questionnaires tend to focus on
the estimation of the structure underlying the data and the
marginal reliability of the scores (e.g., Elhai et al., 2012;
Otani et al., 2021), but not on the distribution of the trait
estimates or on whether the measurement precision of the
scores (conditional reliability) varies across the different
levels of the trait (Murray et al., 2017).

The most reported result is that the distribution of S.I.
scores in community samples is highly and positively
skewed (e.g. Norr et al., 2016), but it is usually ignored,
and the S.I. construct has routinely been treated as bipolar
(e.g., Chang & Chang, 2016; Reynolds & Mazza, 1999). It
is submitted here, however, that S.I. should be more properly
modeled as a unipolar trait or a “quasi-trait”. If the former,
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the most plausible approach would be to use a basic psy-
chometric model that conceptualizes the construct in this
way. If the latter, a plausible approach would be to model it
as a mixture of two classes of respondents: one without S.I.,
and one with high, differentiated levels of S.I. (e.g. Smits
et al., 2020).

Neither of the possible modelling approaches above
seems to have been used to date in the S.I. domain, and,
according to the literature review, the psychometric analy-
ses of S.I. item responses across different measures have
mainly been based on three types of model: Classical Test
Theory (CTT; e.g., Cotton et al., 1995; Reynolds & Mazza,
1999), Linear Factor-analysis (LFA; Pinto et al., 1997;
Sanchez-Alvarez et al, 2020; Zhang et al., 2014) and non-
linear FA models or Item Response Theory (IRT) models
that can be parameterized as FA models (see Ferrando &
Lorenzo-Seva, 2013), particularly one- and two-parameter
models (e.g., Diez Gémez et al., 2020; Nufiez et al., 2019)
and the graded response model (GRM,; e.g., De Beurs, et al.,
2014; Fitzpatrick et al., in press; Nugent, 2005, 2006). All
these models are intended for measuring dimensional traits,
especially under the standard prior assumption that the trait
under study has a normal distribution (e.g. Mislevy, 1984).

With regards to the mixed approach, the only study we
are aware of is the taxometric analysis by Liu et al. (2015).
Their results suggests that S.I. is dimensional, no categori-
cal. However, their study was based not on a heterogeneous
sample (the scenario considered here) but on a clinical sam-
ple of depressed, treatment-seeking adolescents, a setting
that makes it more difficult to identify a profile of individu-
als without S.I. Moreover, their approach did not take into
account that S.I. could be both dimensional and categorical,
the view adopted in the current study.

Plausible Modeling Approaches for SI
Responses

This paper discusses two plausible approaches for mode-
ling the responses to an S.I. instrument made up of graded-
response items, and they are compared with each other and
with the standard modeling that views S.I. as a dimensional
construct with a normal latent distribution. As discussed
above, this modeling is intended for a scenario in which the
S.I. measure is administered in a community sample from
the general population for screening purposes. Below a brief
non-technical review of the models is provided, together
with a summary of how they are expected to function when
applied to the scenario considered here. Because there are
practically no previous studies in which the two new model-
lings above have been used with S.I., most of the expecta-
tions are based on results obtained in similar scenarios but
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different domains, such as depression, addictions, or preva-
lence of mental disorders in general.

The standard IRT model used for calibrating clinical
measures is Samejima’s (1969) graded-response model
(GRM), which, in the case of S.I., has been used in previ-
ous studies by De Beurs, et al. (2014), Fitzpatrick et al. (in
press), and Nugent (2005, 2006). In its logistic version, the
probability of obtaining a graded score of k or greater on
item j, (denoted by the cumulative operating characteristic;
COC) for a given trait level 6, is

1

P(X;>k|6,) = 1 +exp (—a;(0,—B,1) - M

In Eq. (1) the trait 6, is assumed to follow a standard
normal distribution, so it ranges from —oo to+ oo (i.e. a bipo-
lar dimension). The item parameters o; and Py are the dis-
crimination or slope parameter, and the location or threshold
parameter for category k, respectively (more discussion is
provided below).

Although the GRM with the latent normality assumption
would clearly be inappropriate if S.I. behaves as a unipolar
trait, the practical relevance of using the “wrong” GRM in
this type of scenario is far from clear. Based on the literature
review, our impression is that the use of the GRM and other
standard IRT models with clinical measures has generally
led to acceptable fits and meaningful interpretations but
with some odd results. At the calibrations level, there are
mainly two. First, a good range of item locations cannot be
generally found, and most items have location parameters
concentrated at the upper end of the scale (Reise & Waller,
1990, 2009; Reise et al., 2021; Smits et al., 2020). Second,
in many items, the discrimination parameter estimates are
unusually high compared to those of normal-range person-
ality measures (Magnus & Liu, 2018a, b; Reise & Waller,
2009; Smits et al., 2020).

The impact of fitting the GRM at the score level has been
less studied but some consequences can be readily deduced
from the item results above. A narrow range of item loca-
tions together with very high discriminations implies that the
information function will be very peaked around a narrow
trait range. In turn, this result implies that the score estimates
will only provide accurate measurement around a narrow
range of trait levels and will tend to display end (floor or
ceiling) effects.

The alternative model to the GRM considered here, and
which explicitly treats the construct as a unipolar trait, is the
polytomous version of the Log-Logistic (LL) model pro-
posed by Lucke (2013, 2015). It is denoted as LL-GRM and
it can be viewed as a psychometric adaptation of Stevens’s
(1975) power law. It was derived by Lucke from substantive
theory and developed specifically for measuring addiction
(Lucke, 2013). Here, the use of the LL-GRM is based on

more pragmatic grounds. First, it is regarded as a potentially
versatile and useful model for fitting a variety of clinical
measures (not only addictive disorders) that can be thought
to measure narrow-bandwidth unipolar traits with a posi-
tively skewed latent distribution (Magnus & Liu, 2018a, b;
Reise & Rodriguez, 2016; Reise et al., 2018, 2021). Second,
the general functioning of the LL.-GRM can be related to
that of the standard GRM (Lucke, 2015) with a different
COC and a different latent trait distribution. In more detail,
the COC of the LL-GRM is given by

0%
P(X; > k|6)) = — 22 2
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In Eq. (2), trait , is now assumed to follow a log-normal
distribution, so it only takes positive values and has a right-
skewed distribution. The item parameters o; and g, are,
respectively, the discrimination or slope parameter, and an
“easiness” parameter that reflects the endorsement rate for
category k. The discrimination parameter is defined in the
same way as in (1).

As mentioned above, the LL-GRM does not appear to
have been used to date for measuring S.I. However, informa-
tion is available about how it is expected to function in simi-
lar clinical scenarios (Reise & Rodriguez, 2016; Reise et al.,
2018, 2021). At the calibration level, the slopes are expected
to be the same as those of the GRM. However, if the easi-
ness parameters are transformed to make them equivalent to
the GRM locations, results vary. Unlike the GRM locations,
most LL-GRM locations are expected to concentrate at the
lower end of the scale while a few are found more expanded
at the upper end. At the scoring level, and in agreement with
the location results, most of the information is expected to
be found in the lower trait range, and the estimated scores
are expected to be compressed at the low end of the trait
level and expanded at the high end (Magnus & Liu, 2018a,
b; Reise & Rodriguez, 2016; Reise et al. 2018).

Reise and coworkers (Reise & Rodriguez, 2016; Reise
et al., 2018, 2021) have shown that, at the calibration level,
the parameters of the LL-GRM can be obtained by trans-
forming the GRM parameters. This suggests a simple pro-
cedure for fitting the LL.-GRM from the calibration results
obtained from the GRM. More important in this section,
however, is that the equivalence above implies that the struc-
tural fit of both models to the inter-item correlation matrix
is expected to be the same. This result, in turn, explains
why the use of the ‘wrong’ GRM with clinical measures
still generally leads to acceptable levels of model-data fit
(e.g. Lucke, 2013) and further justifies placing the focus of
attention on the score estimates, as it is intended to do here.

Finally, the second modeling approach considered here
is Factor Mixture Analysis (FMA) modelling (e.g. Lubke
& Miller, 2015; Lubke & Muthén, 2005), which uses a
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hybrid view that is both categorical and continuous. The
FMA approach assumes that the measure under study has
a dimensional structure that can be modelled using FA but
also that different clusters or classes of people can be distin-
guished within this structure. Graphically, the factor solution
in FMA provides a dimensional basis on which individuals
can be represented by points or vectors depending on their
estimated scores. Now, if different classes truly exist, these
points will tend to cluster in different clouds (classes) that
can be well differentiated (i.e. non-overlapping clusters and
a good distance between centroids).

The FMA solution considered here has two basic specifi-
cations. First, it considers a two-class solution: one with no
symptoms (no S.I.) or with very low levels in the construct,
and another with symptoms that has high and differenti-
ated levels of S.I. Second, the basic FA model is non-linear
and based on an underlying-variables approach (UVA, e.g.
Muthén, 1993). So, the FMA modelling considered here is,
in fact, the normal-ogive version of the graded-response IRT
model in Eq. (1) (see Ferrando & Lorenzo-Seva, 2013) from
which two classes of respondents can be distinguished.

As mentioned above, the FMA does not appear to have
been used in S.I. applications. However, related approaches
have been used in similar scenarios. Wall et al. (2015),
for instance, proposed an IRT-based zero-inflated mixture
model which (a) identifies essentially the same two classes
as above, and (b) estimates the IRT parameters based only on
the ‘symptomatic’ class of interest. The model by Wall et al.
(2015), however, was developed for binary responses. Along
the same lines, Magnus and Liu (2018a, b) proposed a mix-
ture model for polytomous responses based on the LL-GRM
(see also Smits et al., 2020). Like Wall et al. (2015), Magnus
and Liu (2018a, b) aimed to calibrate the IRT model only
in the ‘symptomatic’ class. So, both approaches explicitly
treat the construct under study as a quasi-trait and are only
interested in modelling and scoring the individuals for which
the construct is relevant. Our interest in using FMA here,
however, is more exploratory. Our main aim is to determine
whether there is a basis for modelling S.I. as a quasi-trait
and, therefore, whether the two hypothesized classes can be
well differentiated.

Purposes of the Present Research

As pointed out above, the aim of the present study is to com-
pare the results of fitting the GRM, the LL-GRM and the
FMA solutions to the (graded) responses of an S.I. inventory.
As has been mentioned above, hardly any previous studies
compare these modellings in the field of suicidal ideation
and assess their different results and implications, which jus-
tifies the need for this study. Furthermore, the focus of the
current study is not on the structural results in the calibration
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stage but on the scoring results. This level of analysis was
chosen, not only because it has received less attention, but
also because most clinical decisions are made on the basis
of an individual’s scores. The following examples show the
importance of this issue for S.I. Reynolds (1988) proposed
to use a cutoff score of 41 in the Suicidal Ideation Question-
naire (SIQ, Reynolds, 1988) to identify those individuals
who should be referred for further suicidal evaluation, and
this cutoff was established by the frequency distribution of
S.I. raw scores in a nonclinical sample. Likewise, Joiner
et al. (2002) suggested that individuals with a score equal to
or higher than 0 on the Depressive Symptom Inventory-Sui-
cidality Subscale (DSI-SS, Metalsky & Joiner, 1997) might
require further assessment, considering the frequency dis-
tribution of the suicidality scores in a community sample of
adolescents and young adults. Other authors have proposed
cutoff scores based on the receiver operating characteristic
(ROC) curve, also taking as a starting point individual scores
on suicide ideation questionnaires (e.g., Holi et al., 2005;
Osman et al., 2001). Therefore, it is important to focus on
the implications of the different models on S.I. score esti-
mates, since researchers and screening professionals use the
scores to make decisions and to differentiate between indi-
viduals with and without severe S.I.

The present research focuses on three main properties
of SI score estimates: (a) their distribution, (b) their qual-
ity, determinacy and accuracy, at both the conditional and
marginal levels, and (c) their relation to particular external
variables. Properties (a) and (b) can be viewed as “inter-
nal” and are particularly relevant to assessing which type
of respondent will be accurately differentiated on the basis
of their scores. Property (c) is “external”, and can provide
further evidence about the nature of the SI construct in terms
of differential predictability at different levels and for differ-
ent individuals (Ghiselli, 1956).

Method
Participants

Participants were 773 Spanish individuals (58.9% women)
aged between 15 and 29 years old (M =19.3, S.D.=3.0).
Of this sample, 47.2% were secondary education students,
12.3% were undergraduate students and 40.5% were work-
ers. A total of 14.1% of workers had finished primary educa-
tion, 41.9% had finished secondary education and 44.0% had
finished university studies.

Instruments

The scale used was the modified Spanish version of the Scale
for Suicide Ideation (SSI) (Beck et al., 1979) developed by
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Villardén (1993) and specifically intended for young people
over 14. This version is intended to measure a single factor
of desire for suicide. It is made up of 10 items with four
response choices ranging from 1 to 4. More specifically, each
item consists of four statements that reflect various levels of
S.I., with option 1 being the lowest (lack of wishes, thoughts
or plans related to suicide) and option 4 the highest. The esti-
mated reliability (Cronbach’s alpha) of the SSI total scores
in our study was a=0.89.

Satisfaction with Life Scale (SWLS) (Diener et al., 1985).
The Spanish adaptation developed by Atienza et al. (2000)
was used. This questionnaire evaluates satisfaction with life,
understood as the cognitive judgements that people make
about the satisfaction with their own life as a whole, based
on their objectives, expectations, values and interests. It is
intended to measure a single dimension, and it is made up of
5 items with a Likert response format (1 =strongly disagree,
5 =strongly agree). The estimated reliability of the SWLS
raw scores in our study was a=0.83.

Procedure

The project and the protocol of this study was approved by
the Ethical Committee of the Faculty of Educational Sci-
ences and Psychology of the Universitat Rovira i Virgili.
This study was carried out in accordance with the recom-
mendations of Spanish Organic Law 3/2018, of 5 Decem-
ber, on the Protection of Personal Data and Guarantee of
Digital Rights and the Spanish Agency for Data Protec-
tion, which regulate the fundamental right to the protec-
tion of data. According to this legislation, the personal data
of minors can be processed with their own consent when
they are older than 14, so parental consent is not required
for minors who are 15-17 years old. As the questionnaires
were administered online, through a survey designed for this
purpose, and all the participants were 15 years of age and
older, participants only needed to give their own informed
consent. In fact, the exclusion criteria were being under 15
or over 29 years old, not resident in Spain, and not providing
informed consent. Participants had to accept the conditions
of the study before participating and could decide to drop
out at any time.

The survey was anonymous, and confidentiality and data
protection were guaranteed. It included information about
the main goals of the study, and instructions on how to
answer each questionnaire. It also included information on
the voluntary nature of participation. The survey was dis-
seminated in several ways: 1) through WhatsApp groups,
Facebook and Twitter, 2) through several Spanish associa-
tions, which sent the survey to their members, 3) through
high schools from different regions in Spain (teachers were
asked to send it to their students who were 15 and older).
Once the participants had finished the questionnaire, the

website allowed them to share it with other people on the
social networks who met the inclusion criteria (e.g. What-
sApp and Facebook). This is known as a non-probabilistic
"snowball" sampling procedure.

This research was part of a wider study, and for this rea-
son the survey included other questionnaires in addition to
SSI and SWLS. Although the SSI was present in all cases,
the other questionnaires appeared randomly, so not all the
participants answered all the questionnaires and the survey
did not become too long and tiring. For this reason, only 363
participants out of 773 answered the SWLS questionnaire.

Data Analysis

It should first be taken into account that there were no miss-
ing values, because the online survey did not allow any item
to be left without response. The items appeared one at a
time, and it was not possible to move on to the next item if
the item on display remained unanswered. Furthermore, in
order to reduce outliers and anomalous response patterns,
those subjects who answered the questionnaires in less than
5 min were not included in the sample, since this was consid-
ered insufficient time to have paid adequate attention to the
items, and responses could be random or not very serious.
Therefore, after the responses of those participants who had
answered the questionnaire too quickly had been removed,
the resulting sample was 773 subjects.

Analyses were conducted in four stages. In the first, pre-
liminary stage, basic descriptive statistics were obtained at
the sample, item, and raw-score levels. In the second and
third stages, the SSI items were first calibrated with the three
types of modeling solutions discussed above (second stage).
Next, score estimates were obtained for each participant, and
the internal properties of the score estimates were assessed
(third stage). Finally, in the fourth stage, evidence of the
external validity of the estimated scores was obtained by
using the SWLS scores as measures of a relevant, theoreti-
cally related variable.

As outlined in the paragraph above, the three solutions
to be compared were fitted by using a random-regressors
two-stage (calibration and scoring) estimation approach
(McDonald, 1982). In the calibration stage, (second general
stage above) the structural item parameters corresponding
to the three solutions were estimated, and the model data-fit
was assessed. In the scoring stage, the item parameter esti-
mates were taken as fixed and known, and used to estimate
the individual trait levels for each respondent.

A unified calibration approach was used in which the
three solutions were fitted by using a limited-informa-
tion factor-analytic (FA) underlying-variables approach
(UVA; e.g. Muthén, 1993). For the GRM and LL-GRM
this approach entails fitting the unidimensional FA model
to the first-order (marginal endorsement proportions) and
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second-order (polychoric correlation matrix) data. The
resulting output consists of the item threshold and item load-
ing estimates (see Ferrando & Lorenzo-Seva, 2013) that can
be transformed to the corresponding GRM and LL-GRM
parameter estimates. The common estimation procedure was
robust unweighted least squares with mean and variance cor-
rections of the fit statistics and standard errors (ULS-MV),
as implemented in the Mplus version 8.6 program (Muthén
& Muthén, 2017). Goodness of model-data fit was the same
for both the GRM and the LL-GRM solutions, as they were
obtained by re-parameterizing the common-FA solution.
Assessment of fit was appraised using: (a) the RMSEA as a
measure of relative fit; (b) the CFI as a measure of compara-
tive fit with respect to the null independence model, and the
root mean squared residual (RMSR) as a measure of abso-
lute fit (e.g. Tanaka, 1993). We acknowledge that there are
more flexible and sophisticated procedures for calibrating
the LL-GRM (Lucke, 2013, 2015; Magnus & Liu, 2018a,
b), but we submit that the results provided by the FA-UVA
approach can be taken as essentially correct (e.g. Reise &
Rodriguez, 2016).

With regards to the FMA solution, the general calibration
above was also used but with the estimation criterion and
measures of model-data fit typical of this type of model (e.g.
Muthén & Asparouhov, 2006). The estimation criterion was
robust maximum likelihood (MLR), and the relative fit when
comparing one and two classes used three types of indica-
tor: (a) the BIC parsimony information criterion, which pro-
vides a trade-off between simplicity and goodness-of-fit, (b)
the normed entropy criterion, which indicates the extent to
which individuals can be differentiated in terms of the class
they belong to, and (c) the Lo-Mendel-Rubin (LMR) test,
which assesses whether adding a second class to the single
class baseline solution significantly improves model-data fit.

The Mplus scripts for fitting the GRM and the FMA
models can be obtained from the authors under request. The
programs for re-parametrizing the GRM and transforming
it to the LL-GRM at the calibration level were written in
MATLAB code by the authors.

For the three calibrated solutions, the score estimates
obtained in the third stage were Bayes expected a poste-
riori (EAP, Bock & Mislevy, 1982). This type of scoring
has two interesting properties in the present case. First, it
ensures that all the individual estimates fall within reason-
able values. Second, it allows us to assess the impact of
the different priors (see below) on the internal and external
properties of the resulting score estimates. For the GRM
solution, the EAP estimates were computed using FACTOR
(Lorenzo-Seva & Ferrando, 2006). For the remaining solu-
tions, they were obtained using MATLAB programs written
by the authors. The priors were (a) standard normal in the
GRM solution and (b) lognormal for the LL-GRM. In each
class, the two-class FMA solution assumed a normal prior
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with unit variance, and fixed the general mean for the whole
group at zero.

The internal properties of the EAP scores derived from
each solution were assessed as follows. First, the corre-
sponding histograms were plotted, together with the cor-
responding Kernel estimates of the probability density func-
tion (see Ferrando, 2003). Second, the conditional accuracy
of the scores at different trait levels was assessed by plotting
the conditional reliability estimates as a function of the trait
estimated values. It is noted that the usual measure of local
accuracy is the amount of information (Lord, 1980). How-
ever, we decided to use the conditional reliability for two
reasons. First, it is a unitless index, which allows the results
for the different solutions to be directly compared. Second,
itis a normed 0-1 index that is easy to interpret and familiar
to applied researchers.

Finally, the overall (marginal) accuracy and determinacy
of the score estimates was assessed by using two indicators:
(a) marginal reliability (as a measure of overall accuracy)
and (b) the factor determinacy index (FDI, a measure of
the determinacy of the score estimates) (see Ferrando &
Lorenzo-Seva, 2018). All the internal properties discussed
so far were computed using MATLAB programs written by
the authors.

The external properties in the fourth stage were assessed
with graphical regression procedures and kernel-smoothed
nonparametric regression (e.g. Hirdle, 1990). The main
interest here was to assess not the overall relation between
the SSI estimated scores and the SWLS scores, but whether
this relation was the same in different regions of the trait
estimates (i.e. differential validity). More specifically, if
SI behaves mainly as a unipolar trait or a quasi-trait, then
the validity relation will be expected to be stronger at the
upper end of the trait values (the region in which SI behaves
more effectively as a dimension). This type of assessment
is best carried out using the procedures discussed above.
The kernel-smoothing regression, in particular, obtains an
estimated regression line by taking a weighted average at
different evaluation points and not imposing a priori any
functional form. The specific procedure in the study was the
Nadaraya-Watson kernel estimator (see e.g. Hirdle, 1990).

Results
Preliminary Analyses

Descriptive statistics for the 10 items of the SSI question-
naire are shown in Table 1. More specifically, this table
shows means, standard deviations and skewness for each
item and for the raw sum scores. It also shows the percentage
of participant responses on each response option. As can be
seen, the means of the items ranged between 1.09 and 1.54,
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Table 1 Means, standard
deviations, skewness, kurtosis

Percentage of responses

and percentage of participant Mean Standard Skewness 1 2 3 4

responses for the SSI items deviation
Item 1 1.40 0.65 1.57 67.3 26.0 5.7 1.0
Item 2 1.45 0.72 1.63 65.6 25.8 6.3 23
Item 3 1.09 0.37 4.99 93.4 4.9 1.2 0.5
Item 4 1.26 0.58 2.50 80.5 14.5 3.8 1.2
Item 5 1.54 0.94 1.56 70.2 12.9 9.7 7.2
Item 6 1.33 0.56 1.66 71.8 24.1 3.7 0.4
Item 7 1.36 0.56 1.41 67.7 28.9 3.0 0.4
Item 8 1.28 0.60 223 78.4 15.8 4.9 0.9
Item 9 1.43 0.85 1.63 78.7 22 16.8 23
Item 10 1.31 0.55 1.67 73.0 233 34 0.3
Raw sum scores 13.45 4.67 1.78

and standard deviations ranged between 0.37 and 0.94. All
the items had skewness values above 1, which means that
they are all positively skewed. The skewness value for the
raw sum scores was also higher than 1. Items 3, 4 and 8 had
the highest skewness values (above 2.0). As can be seen
in Table 1, the first response option of each item (which
involves lack of wishes, thoughts or plans related to sui-
cide) was chosen by most participants, especially in items 3
(93.4%), 4 (80.5%), 8 (78.4%), and 9 (78.7%).

Item Calibration

As discussed above, at the structural level the GRM and
the LL-GRM unidimensional solutions provide the same fit
results: (a) RMSEA (90% confidence interval): 0.038 (0.025;
0.050); (b) CFI=0.994 and (c) RMSR =0.029. Under any of
the usual recommendation guides (e.g. Schermelleh-Engel
et al., 2003) these results indicate an excellent model-data
fit. Furthermore, by using the approach proposed by Lee
et al. (2012), power analysis gave an estimate of $ =0.99. So,
there should be ample power to detect any misfit.

As for the estimated item parameters, the results agreed
with those reported in the literature (Magnus & Liu, 2018a,
b; Reise & Rodriguez, 2016; Reise et al., 2021, Smits et al.,
2020). Given the strongly skewed item distributions reported
above, the estimated thresholds were generally positive and
rather high, which means that, under the GRM modeling, all
the items can be regarded as very extreme (i.e. “difficult”).
In fact, the item locations under the GRM were concentrated
between the mean and two standard deviations above the
mean in the trait scale assumed in this model. In contrast, the
‘easiness’ parameters in the LL-GRM were mostly located
at the lower end of the trait scale assumed in this model.
These results determine the different profiles of conditional
accuracy that were obtained and which are discussed below.

Table 2 Initial factor loading

. . Item Loading Slope
estimates and corresponding
transformed slopes il 0711 1.0111
i2 0.827 1.471
i3 0.686 0.9428
i4 0.885 1.9008
i5 0.698 0.9747
i6 0.933 2.5926
i7 0.852 1.6274
i8 0.914 2.2528
i9 0.891 1.9625
il0 0.655 0.8668

Table 3 Fit indices for the mixture analyses based on the one-factor
model

N° of classes BIC A LMR test p
8460.64 - - -
2 8472.23 47 1.59 37

Criteria: Bayesian Information Criterion (BIC), Entropy value (A),
Lo-Mendel-Rubin (LMR) difference test with associated probability

The slope or discrimination parameter is the same under
the GRM and the LL-GRM, and the estimates obtained here
also agree with other reported results when the GRM is fit-
ted to clinical items. Table 2 shows the initial factor loading
estimates and the corresponding transformed slopes. These
estimates are far higher than those usually obtained in nor-
mal-range personality assessment, and those for items 6 and
8 are particularly high. Note also that there is a wide range
of discrimination estimates: the estimate of item 6 is three
times higher than that of item 10.

Regarding the FMA results, they are summarized in
Table 3.
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The BIC parsimony index is slightly lower in the single
class solution, and so seems to be the best option. This result
shows that the LMR test is not significant, and it need not
have been included. Note also that the entropy estimate is
quite low, which means that it would be difficult to clearly
differentiate between classes by using only internal infor-
mation. So, the decision regarding the appropriateness of
the single-class solution seems clear here. However, as
the estimates provided by the two-class FMA solution and
the further validity results were interesting, we decided to
report the results derived from the two-class solution for
purposes of illustration and completeness. At this internal
level, the solution distinguished between one class that com-
prised 19% of the subjects and another that comprised the
remaining 81%. In standard scaling (unit variance) and if
the general mean is set to O, the estimated means were 1.43
for class-1, and -0.335 for class-2. The higher mean of the
first class suggests that it comprises those participants with
higher levels of S.I., which is a relatively small group. In
contrast, the second class is much larger and it comprises
those participants with lower levels of S.1I.

Individual Scoring: Internal Properties

Figure 1 shows the histograms of the GRM- and LL.-GRM-
based EAP estimates together with the kernel-smoothed
non-parametric estimated densities.

The distribution of the GRM-based EAP estimates (panel
a) clearly departs from the prior normal assumed in the esti-
mation, which suggests that this prior is inappropriate for
modeling the SI construct. Overall, the use of this “inappro-
priate” prior is expected to produce a type of ‘ensemble bias’
phenomenon (Mislevy, 1986) in which the distribution of the
trait estimates is incorrectly pushed towards normality. Even
so, the information provided by the item responses clearly
outweighs the normal prior, so the posterior distribution is
still positively skewed (the skewness coefficient was 0.67).
In contrast, the distribution of the LL-GRM estimates in
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Fig. 1 (panel b) is far more extreme (the skewness coefficient
here is 3.08). This is only to be expected given that, in this
case both the information provided by the item responses
and the lognormal prior are consistent with each other. As a
result of this mutual consistency and, as expected (Magnus
& Liu, 2018a, b; Reise et al., 2018, 2021) the LL-GRM
distribution contracts most of the cases at the lower end and
expands the remaining cases at the upper end or upper tail.

For the sake of completeness, we have also included the
graphs for the two-class FMA-based score estimates (panel
¢). To add more information, the kernel smoothed densi-
ties were plotted separately for the participants in each class
according to the posterior probabilities.

The distribution is, again, virtually the same as that
obtained based on the standard GRM solution in panel a),
as it should be. Note also that the smaller distribution pre-
sumably corresponding to class 1 appears to fit the upper
tail of the distribution. So, Fig. 3 provides support for the fit
results in Table 3: that is, there is still not enough evidence
to suggest that the two distinguishable classes are present.

Regarding the conditional accuracy results, the condi-
tional reliability estimates across the range of scores is dis-
played in Fig. 2 for the GRM (panel a) and the LL-GRM
(panel b).

As expected, the profiles of conditional accuracy are quite
different under the two models. Because items are “difficult”
according to the GRM, accuracy is maximum at high trait
levels (the levels that match the difficulty of the test). Thus,
in accordance with the reliability profile in panel a, the GRM
scores could be used to distinguish between individuals with
high levels of severity, but not between those who have SI
and those who do not. This result agrees with the results
reported by Reise and coworkers (Reise et al., 2018, 2021).

For the LL-GRM solution in panel b, accuracy is maxi-
mum around the mean of the trait distribution. Therefore,
the LL-GRM profile could be used to differentiate between
those who have severe SI and those who do not. However, it
would not be so useful for differentiating between degrees
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Fig. 1 Distribution of the S.I. trait estimates with kernel density curve: a) GRM, b) LL-GRM, ¢) Two-class MFA solution
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Fig. 3 Bivariate scatterplot of the SWL scores against S.I. estimates with fitted kernel line: a) GRM, b) LL-GRM

of SI severity. Again, this result matches other results in the
literature with different clinical constructs (Magnus & Liu,
2018a, b; Reise et al., 2018, 2021).

Regarding the overall measures of accuracy and determi-
nacy, the estimated marginal reliability of the GRM-based
score estimates and the corresponding determinacy index
were r,,=0.78, and FDI=0.88. For the LL-GRM score
estimates they were r,,=0.90 and FDI=0.95. These values
reflect the different ranges and densities of the trait distribu-
tion at which the scores provide high accuracy (see Ferrando
et al., 2019). Thus, the conditional accuracy curve for the
GRM is more peaked (narrower range) and more accurate at

high levels, which is where subjects are fewest. In contrast,
the conditional accuracy for LL-GRM is higher across a
broader range at the lower level where there are more partici-
pants. Overall, although both sets of scores can attain a high
degree of accuracy and determinacy, the LL-GRM scores are
more accurate and determinate for most respondents.

Individual Scoring: External Validity Evidence
For the GRM (panel a) and the LL-GRM (panel b), Fig. 3

shows the bivariate scatterplot between (a) the SWLS scores
on the ordinate axis, and (b) the corresponding EAP score

@ Springer
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estimates on the abscissa axis, together with the fitted kernel
regression line. Overall, it is apparent from both graphics
that the regression of the SWLS scores on the SI-EAP esti-
mates is neither linear nor homoscedastic. Thus, at the lower
end of the trait estimated values, the regression curve is flat-
ter, and the conditional variance is larger. In fact, in both
panels, the scatter clearly approaches the so called “twisted-
pear” contour (Fisher, 1959).

For further analytical evidence for these graphical results,
a cubic polynomial line was first fitted that approached the
kernel line displayed in the graphics. The fit in both cases
was significantly better than the linear fit (the R? increases
were 0.05 for GRM and 0.03 for LL-GRM). Second, the
product-moment correlation was computed between the
SWLS and the SI-EAP scores in the lower and upper regions
of the EAP continuum using threshold values of 1.5 (GRM)
and 4.5 (LL-GRM) (see panels (a) and (b) of Fig. 3). Results
for the GRM were r=-0.28 (lower range) and r=-0.47
(upper range). The difference was statistically significant.
The corresponding results for the LL-GRM were r=-0.24
and r=-0.54, which were also significant.

Finally, the stability and generalizability of the results
above were assessed with a Bootstrap resampling analysis.
As a summary, the regression curves proved to be quite sta-
ble under resampling, and there were no substantial outliers
that could have given rise to spurious interpretations. This
last result can be anticipated from visual inspection of the
scatterplots in Fig. 3.

Substantively, the results above tend to support the
hypothesis that SI behaves like a unipolar trait. Furthermore,
the standard interpretation of the twisted-pear effect (Fisher,
1959) seems quite plausible here. Thus, the absence (or very
low levels) of SI makes it difficult to predict SWLS: individ-
uals with little ST will probably be more or less satisfied with
their life. At the other pole, however, increasing levels of SI
are more strongly associated to decreasing levels of SWLS.

In terms of differences between the two models, the pre-
dictive behavior of the GRM and the LL-GRM scores can
be seen from the distributions of the trait estimates in Fig. 1,
and the conditional reliability curves in Fig. 2. The changes
between the flatter slope at low levels and the steeper slope
at high levels are more apparent in Fig. 3, panel (a), because
the GRM tends to spread the low scores more evenly, as
discussed above. For the same reason, the twisted-pear effect
is more apparent in panel (b), because the low SI values are
more condensed at the lower end and the conditional disper-
sion is much more marked at this end.

For the sake of completeness, Fig. 4 also shows the
scatterplot based on the two-class results. It is essentially
the same as the one for the GRM but differentiated by the
classes of conditional probability: class 1, circles; class 2,
stars. The result makes sense, as it implies a large, undiffer-
entiated class with almost no SI and poor predictive power,
and a small class with ST and much greater predictive power.
However, this type of regression plot can also be obtained
in a simpler way by using a unipolar formulation (note that
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class-1 corresponds to the upper-tail of the distribution in
Fig. 1, panel c).

Discussion

In general, the studies carried out in community samples
show that the distribution of S.I. scores tend to be highly and
positively skewed (e.g., Norr et al., 2016), because most peo-
ple have low levels of S.I. or do not suffer from this problem
at all. However, procedures originally developed for bipolar
traits are routinely used with this variable (e.g.,Cotton et al.,
1995; Diez Gomez et al., 2020; Nufiez et al., 2019; Sanchez-
Alvarez et al., 2020), and so ignore this issue completely.
According to Reise et al. (2018), while bipolar traits have
meaningful variation at both poles of the trait, unipolar traits
are far more meaningful at one end of the continuum than
the other, and “quasi-traits” are only relevant at one end of
the continuum, the other end only reflecting absence of the
disorder. Therefore, S.I. seems to behave more like a uni-
polar trait or a “quasi-trait” than a bipolar trait, like other
clinical constructs such as depression.

Given the discrepancy between the plausible behavior
above and the routine psychometric treatment of the S.I.
scores, the main goal of the current study was to compare the
results obtained with three different psychometric models
(GRM, LL-GRM and FMA) in a community sample. Fur-
thermore, and considering that many clinical decisions are
based on individual’s scores, the study has focused on scor-
ing results, which have received far less attention than struc-
tural results to date. In fact, this study observes that the main
differences between GRM and LL-GRM are at the score
level not the structural level. With regard to the structural
level, both the GRM and the LL-GRM unidimensional solu-
tions provided the same very good fit results, even though
the GRM assumes that the latent variable follows a standard
normal distribution while the LL-GRM treats the construct
as unipolar. As discussed above, this result is congruent with
the literature, as at the structural level both the GRM and the
LL-GRM can be viewed as re-parameterizations of the same
model (Reise & Rodriguez, 2016; Reise et al., 2018, 2021).
What is of interest at this level, however, is that, although
S.I. does not appear to behave like a bipolar trait, using a
procedure such as GRM, which assumes a bipolar trait with
a normal distribution, does not negatively affect the fit of the
model and can lead to significant and interpretable results at
the calibration level.

If S.I. behaves more like a quasi-trait than a unipolar trait,
it might be possible to differentiate between classes of indi-
viduals (in our case, individuals with severe levels of S.I.
and individuals without S.I. or low levels). The study by Liu
et al. (2015) suggests that this variable is dimensional, not
categorical, but it does not take into account that a variable

may be both dimensional and categorical at the same time.
For this reason, an FMA analysis was carried out, the results
of which suggest that a two-class solution is less parsimoni-
ous than a single class solution. Furthermore, the addition of
the second class does not significantly improve model-data
fit. Despite this, the two-class solution provides plausible
and interpretable results that are worth considering. More
specifically, one class comprises most of the sample (81%),
as expected, because most people have no suicidal idea-
tion or very low levels. The other class comprises 19% of
the sample, with a much higher mean than the other group,
which suggests that the levels of S.I. are much higher, also
as expected. However, the results suggest that it is not pos-
sible to differentiate clearly and unambiguously between
an asymptomatic and a symptomatic class so, in structural
terms, a single class unipolar model may be considered as
more appropriate than a two-class quasi-trait model.

The fact that both the GRM and the LL-GRM lead to
equivalent results at the calibration level does not mean
that they provide equivalent results at the scoring level. In
fact, although the rank order of individuals is the same in
the GRM and the LL-GRM solutions, the properties of the
scores are sufficiently differentiated to give rise to consid-
erable differences in clinical practice. First, as the GRM
assumes a normal distribution, the distribution of the esti-
mated scores obtained by this procedure is less skewed than
that obtained by the LL-GRM, because the GRM pushes
the distribution towards normality. Despite this, the GRM-
based distribution is still far from normality, which is further
evidence that this model does not conform to the character-
istics of the S.I. construct. Second, and more importantly,
there are clear differences in the conditional and marginal
accuracy of the estimated scores. Thus, the GRM scores are
highly accurate only in the narrow range between 1.5 and 2
standard deviations above the mean, which means that this
procedure is more accurate at high levels. In contrast, the
LL-GRM scores are highly accurate in a much wider range
around the mean, so providing accurate estimations for a
larger number of participants. If cut-off values were to be
set purely in internal terms (i.e. based on the conditional
accuracy curves), the use of the GRM would require a cut-
off value to be established about two deviations above the
mean, and this value would serve to accurately differentiate
between individuals who already have high levels of S.I. In
contrast, the use of the LL-GRM would call for a cut-off
around the trait mean, and would allow us to differentiate
more accurately individuals who suffer from severe S.I. from
individuals who do not. In some S.I. studies, cut-off points
are based on the distribution of the scores in a community
sample (e.g., Met al.,sky & Joiner, 1997; Reynolds, 1988).
In this case, if the objective is to identify subjects who pre-
sent suicidal ideation and differentiate them from those who
do not, so that they can be provided with the support and
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attention they need to decrease their emotional suffering and
the possible risk of suicidal behaviour, the LL-GRM proce-
dure would be more appropriate. However, many studies rely
on external criteria and calculate cut-off points on the basis
of the receiver operating characteristic (ROC) curve (e.g.,
Holi et al., 2005; Osman et al., 2001). So, further studies
are needed to determine how the GRM and LL-GRM pro-
cedures affect the establishment of cut-off points when these
external criteria are used.

Given the conditional accuracy results above, the overall
(marginal) precision is higher for LL-GRM scores, which
thus makes it possible to accurately measure a larger number
of subjects in a community sample. This is an advantage
for the LL-GRM, as it means that a larger number of cases
can be accurately identified and more people given the help
they need. Therefore, this advantage should be taken into
account by researchers and screening professionals when
they decide which procedure and modelling to use, because
screening studies in community samples should provide
accurate results for as many people as possible, so that vul-
nerable people suffering from suicidal ideation are not left
without attention and help. With LL-GRM modelling, fewer
cases of vulnerable people will remain unidentified. This
is of considerable importance for such a sensitive issue as
suicide, which is a health problem that costs the lives of
many people around the world (World Health Organization,
2021) and also causes suffering in the people close to them.
In fact, the accurate assessment of negative emotional states
may help to improve the life quality of those people who
need it (e.g., Aki et al., 2020; Ladakis & Chouvarda, 2021).
For this reason, it would be advisable for applied researchers
and test developers to use both GRM and LL-GRM, so that
the manuals of S.I. questionnaires and guidelines for prac-
titioners can give the general results, the scoring schemas,
and the cut-off points they can determine, and explain the
range of precision in each case. Then, professionals carrying
out screening studies in community samples (for example,
professionals working in educational counseling centers)
can decide which option, type of scoring, and cut-off points
are most suitable for their objectives. They should also con-
sider whether they aim to differentiate between high levels of
severity, or to identify subjects who suffer suicidal ideation,
because GRM and LL-GRM have different implications at
this level.

Finally, another aim of the study was to assess the effects
of the various models on the prediction of an external vari-
able: satisfaction with life. Differential validity effects were
observed on both GRM and LL-GRM scores in different
regions of the S.I. continuum, with higher predictive power
at high levels of SI. In fact, the results suggest that there is
a weak relationship between the two variables at low levels
of SI, which means that people with little or no suicidal
ideation may experience different levels of life satisfaction,
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whereas people with high SI tend to experience low lev-
els of life satisfaction. This result, in turn, supports that SI
behaves like a unipolar trait, and is more meaningful at one
end of the continuum than at the other end. As well as the
differential validity effects, however, there are some differ-
ences between GRM and LL-GRM results. In the GRM,
the regression curve is flatter at lower levels and steeper
at higher levels, which is congruent with the distributions
of the trait estimates and the conditional reliability curves
obtained, as this procedure tends to spread low scores in
order to push the distribution through normality. In contrast,
in the LL-GRM, heteroscedasticity is higher at lower levels
of SI, which better shows the difference between individu-
als with high SI and individuals with low or no SI in terms
of their life satisfaction. Several previous studies show a
negative relationship between SI and satisfaction with life
(e.g., Morales-Vives & Dueiias, 2018; You et al., 2014) but,
as far as we know, none of them assessed the implications
of GRM and LL-GRM modelling for the prediction of an
external variable such as life satisfaction, or even for other
kinds of external variable, Therefore, these results are new
in this field, and they provide further evidence about the
unipolar nature of suicidal ideation and its implications for
external validity.

Of course, the study has some limitations. Even though
the questionnaires were disseminated in a variety of environ-
ments, one of them being high schools (where there are a
wide range of students from different socio-economic lev-
els), it is still not possible to ensure that the sample is fully
representative of the community. Additional information
such as psychological history, suicide attempts, child abuse,
etc., would have been useful to resolve this issue, but this
information was not collected, as it would have made data
administration prohibitively long and tiring. In spite of this
potential limitation, however, the low percentage of partici-
pants with suicidal ideation fully agrees with the expected
characteristic of community samples, which suggest that the
sample is a community one and not a clinical one.

To sum up, the current study shows that the GRM and
LL-GRM have different implications at the scoring level that
should be considered by researchers and screening profes-
sionals, especially in relation to the conditional and marginal
accuracy of the estimated scores. Furthermore, they also
have different implications for the prediction of an external
variable. As far as we know, this has not been assessed in
previous studies on unipolar traits and "quasi-traits". How-
ever, further studies should be made about the implications
of both modellings for establishing cut-off points based on
external variables.
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