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measurement invariance of CORE-10 and -OM
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Abstract

Objective: While the CORE-10 inventory for Clinical Outcome Routine Evaluation has shown good psychometric
properties in cross-sectional assessment, the feasibility of generic, short, and easy-to-use longitudinal assessment of a
broadband construct such as the targeted “general psychological distress” remains to be psychometrically demonstrated.
Therefore, we investigated longitudinal measurement invariance (LMI) of CORE-10. For comprehensiveness, we also
analyzed its parent inventory, CORE-OM. Method: We investigated the LMI of pre- and post-therapy CORE-10 and
-OM assessments in a naturalistic treatment register of 1715 patients’ short psychotherapies, testing whether the
construct of “psychological distress” remained the same across the treatments. Results: We observed good psychometric
properties and no violations of LMI for CORE-10 in chi-squared equivalence tests, nor in effect-size-based evaluations.
Only the highly sensitive chi-squared difference tests detected LMI violations but these had little practical influence. The
CORE-OM data did not fit well with factorial models but this was cross-sectional rather than a genuinely longitudinal
(LMlI-related) issue. Conclusions: CORE-10 appeared a structurally valid measure of general psychological distress and
suitable for longitudinal assessment, whereas the CORE-OM had a less clear factorial structure. Regarding
psychometrics, these findings support the use of CORE-10 in longitudinal assessment during psychotherapy and do not
support CORE-OM.

Keywords: psychometrics; core outcome routine evaluation; psychosocial intervention; psychotherapy registry

Clinical or methodological significance of this article: Longitudinal assessment plays a key role in psychotherapy. We
integrated repeated measurement into the psychometric evaluation of treatment success, showing that a simple 10-item
inventory for general psychological distress (CORE-10) was a structurally valid psychometric tool despite possible logical
objections based on etiologic data. The longer CORE-OM it is a part of did not enjoy a similarly simple psychometric
structure and caution in its interpretation seems warranted.

Recent psychometric investigations suggest that
changes in depression and anxiety over the course
of psychotherapeutic treatment can be efficiently
interpreted from self-report instruments (Rosen-
strom et al., 2021; Stochl et al., 2020). That is, the
scores of these instruments appear to reflect
changes in the intended construct of total depression

or anxiety, rather than shifts in patients’ response
style and interpretation of specific questions.
Researchers have also claimed to have produced
self-report instruments for the common presentation
of psychological distress that are “generic, short, and
easy-to-use” in psychological therapies (Barkham
et al.,, 2013). Here, we take a further look at the
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feasibility of such an aim by investigating the CORE-
10 inventory aiming at it. For comprehensiveness, we
also study the properties of Clinical Outcomes in
Routine Evaluation-Outcome Measure (CORE-
OM) inventory of which CORE-10 is a sub-part
(Barkham et al., 1998, 2013; Evans et al., 2002; Zel-
dovich & Alexandrowicz, 2019).

Individual psychiatric disorders, such as
depression, have been placed on a hierarchy of etio-
logic factors in the recent empirical work on psychia-
tric nosology (for reviews Kotov et al., 2021; Lahey
et al.,, 2021; Ringwald et al., 2021). This means
that the individual disorders reflect both their own
etiologic factors and cross-disorder etiologic factors.
Changes in diagnostic status, as well as normative
individual differences, appear to reflect a similar hier-
archy (Gluschkoff et al., 2019; Oltmanns et al., 2018;
Rosenstrom et al., 2019). This hierarchical model
suggests that, for example, depressive symptoms
reflect both depression-specific etiologic influences
and general etiologic influences that affect multiple
disorders. Hence, we can use a sum of depressive
symptoms to track changes in the depressive dis-
order, despite our inability to unambiguously attri-
bute the changes to depression-specific wersus
general etiologic sources. In contrast, it is not clear
whether such a hierarchical model allows one to
track changes in a higher-order construct of general
“psychological distress” with a simple sum of ques-
tionnaire items, as we next explain.

Hierarchical models of psychopathology tend to
contain a general psychopathology factor—a “p
factor” (Caspi et al., 2014; Caspi & Moffitt, 2018).
This p factor is a latent construct for capturing
comorbidity. Any psychiatric symptom one might
inquire about in a questionnaire is typically con-
sidered to reflect both the p factor and etiologic influ-
ences specific to a disorder. That is, a change in any
sum of symptoms will inevitably confound changes in
the p factor with disorder-specific changes. Thus, the
idea of a simple measure of generic psychological dis-
tress appears incompatible with the hierarchical
model of psychopathology. It also appears incompa-
tible with the phase model of behavior change that
suggests the existence of three distinct constructs
that change asynchronously during psychotherapy
(Howard et al., 1993). In a longitudinal assessment,
the phase model predicts that items pertaining well-
being (remoralization), symptomatic distress (reme-
diation), and life functioning (rehabilitation)
diverge from a single construct even if they would
not seem distinct based on cross-sectional individual
differences.

Nevertheless, CORE-OM is a widely used self-
report questionnaire for evaluating the generic effi-
cacy of psychotherapy and other mental-health
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interventions (Barkham et al., 1998; Evans et al.,
2002; Zeldovich & Alexandrowicz, 2019). It aims
to assess psychological distress by tapping into core
components of presenting problems across the
widest range of psychotherapy clients. However, the
full multidimensional factorial structure of the
CORE-OM instrument generally has not aligned
with its original four measurement domains (well-
being, problems, functioning, and risks) and has
remained elusive in psychometric investigations
(Lyne et al., 2006; Murray et al., 2020; Skre et al.,
2013; Zeldovich & Alexandrowicz, 2019). The
internal structure of the measure also appears to
change during psychotherapy (Murray et al., 2020).
Because good cross-sectional psychometric proper-
ties are a prerequisite to good longitudinal psycho-
metric properties, and because there already is
evidence on longitudinal issues for CORE-OM, the
longitudinal psychometric investigation of CORE-
10 was our primary objective and that of CORE-
OM a secondary interest for the sake of comprehen-
siveness. An abbreviated version, CORE-10, is
strongly correlated with the CORE-OM total score
(at 0.94) and has a high internal consistency (alpha
of 0.90), and by definition, a lower dimensionality
(less factors) compared to CORE-OM (Barkham
et al., 2013). As the stated “purpose of the CORE-
10 is to be used as a single score” (Barkham et al.,
2013), we considered it well-suited to the psycho-
metric investigation of feasibility of the “generic,
short, and easy-to-use” assessment of psychological
distress.

Barkham and colleagues (Barkham et al., 1998,
2013; Evans et al., 2002) may not have claimed exist-
ence of a latent construct of distress, but neither did
they explicitly express building a formative construct
(Diamantopoulos et al., 2008). Research on the
CORE-10 and -OM measures have typically
reported high internal-consistence (alpha) coeffi-
cients to claim good psychometric properties, which
suggests they identify distress with a latent (reflec-
tive) construct. This is because high alpha values
indicate highly correlated items which, while
favored in reflective measure construction, are
dropped out in formative measure construction due
to near-multicollinearity issues (Diamantopoulos
et al., 2008). Thus, we ask here does the CORE-10
sum score assess change in latent distress during psy-
chotherapy or is it confounded with other systematic
changes not attributable to its purpose of providing a
“single score.” Specifically, we ask does CORE-10
have the property of being longitudinally measure-
ment invariant (LMI) over the course of psychother-
apy (Liu et al., 2017; Murray et al., 2020)? In other
words, does it measure the same construct of distress
before and after the treatment? And, if not, how
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might the construct change and what might explain
the change? For comprehensiveness and to provide
a point of comparison for the reader, we also ask ana-
logous questions for the CORE-OM inventory.
Based on the past research and the above discus-
sion on the hierarchical models of etiology, we
expected CORE-10 to show good psychometric
properties in a cross-sectional evaluation, but not
longitudinally, because a simple sum score cannot
tease apart general distress from disorder-specific
changes. We expected to find violations of LMI
and planned to study their associations with more
specific problem presentations, such as depression
or anxiety. Based on our representative data, we
hoped to reveal and interpret LLMI violations that
inform and encourage new research. Finally, we
discuss the measurement of general distress, specific

symptoms, and functioning in psychotherapy
context.

Methods
Participants

HUS Helsinki University Hospital in Finland
recently introduced a psychotherapy quality registry,
which records pre- and post-therapy CORE-OM. All
patients referred to psychotherapy are entered into
the register. Questionnaires are recorded at the
beginning and at the end of the treatment. Use of
the register is an obligatory part of the treatment
process for the private therapists producing out-
sourced psychotherapies for the hospital district. At
the beginning of the therapy, patients get a personal
link and a unique pin-code to the questionnaires,
which can be filled in using a smartphone, tablet or
computer. Alternatively, the patient questionnaires
can be filled in with help from the therapist. Thera-
pists are mainly independent registered and licensed
practitioners who get a coupon-based reimburse-
ment upon therapy completion. The registry con-
tains several hundred therapists, representing all
outsourced psychotherapy assignments from HUS,
a hospital district serving a population of 1.7
million. The therapists can represent most of the
nationally accepted psychotherapeutic frameworks,
but commonly represented solution-focused
therapy (25% in our present sample), cognitive
therapy (24%), cognitive behavioral therapy (13%),
integrative therapy (9%), and psychodynamic
therapy (11%). A great majority of patients (92%)
had a depressive or anxiety disorder as a primary
diagnosis, with a minority (8%) having physiology-
related, psychotic, bipolar, or other disorders. A sep-
arate paper by Saarni et al. has been submitted on the

Finnish psychotherapy quality register, its rationale,
development, and baseline results.'

In this study, we included adult patients who had
been in short psychotherapy (typically up to 20 reim-
bursed sessions) and had both pre- and post-therapy
questionnaire data. The patients were referred from
both specialized and primary healthcare services.
Our sample from these data contained overall 1715
patients, registered during three first years of the reg-
istry operation (starting 12 June 2018 and ending 29
August 2021). Our research access to the pseudony-
mized data was based on a research permission, a
permission from the ethical review board of HUS,
and national regulations on the secondary use of
healthcare registers.

Measurements and Procedures

CORE-OM contains 34 items, of which a subset of
10 has been selected for the shorter CORE-10 inven-
tory, which we used (Barkham et al., 1998, 2013;
Evans et al., 2002; Zeldovich & Alexandrowicz,
2019). We used the Finnish versions of the inven-
tories (Honkalampi et al., 2017; Juntunen et al.,
2015). The clinical score for CORE-10 is simply
the sum of the 10 items, each getting a value of 0,
1, 2, 3, or 4, whereas the clinical score for CORE-
OM is the average of all 34 items multiplied by 10.
Thus, both the clinical scales range from 0 to 40
points and are just re-scaled sum scores.

Statistics

We verified that one factor sufficed to capture item
correlations of CORE-10 using a parallel analysis
test for factor number, applied to polychoric corre-
lation matrices (Garrido et al., 2013, 2016). The par-
allel analysis compares relative variance captured by
real-data principal components (i.e., eigenvalues) to
that of similarly sized simulated null-correlation
data. As chance variation creates some correlations
(eigenvalues > 1) in the 1000 simulated datasets,
the true number of factors can be estimated by the
average number of real-data eigenvalues exceeding
their simulated-data equivalents. We used parallel
analysis, because approaches based on fit indices
and tests may be inappropriate for factor-number
estimation (Garrido et al., 2016; Hayashi et al.,
2007), despite their widespread use (e.g., Zeldovich
& Alexandrowicz, 2019). In the case of more than
one factor (for CORE-OM), we used (orthogonal)
exploratory bifactor rotation to identify the loadings
structure in the baseline data prior to applying the
LMI models to the full data (Jennrich & Bentler,
2011). We used R package GPArotation version



2014.11-1, freeing exploratory loadings > 0.3 in con-
firmatory analyses (i.e., items with at least ~10% of
variance linked to a factor).

LMI was tested using a series of confirmatory
factor analysis models (Liu et al., 2017). We used
the lavaan R package, version 0.6-7, with the
“WLSMVS” estimator, which is a diagonally
weighted least squares estimator with mean and var-
iance adjusted test statistics. We report robust ver-
sions of the popular root mean squared error of
approximation (RMSEA) and comparative fit index
(CFI) too. RMSEA values < 0.06 and CFI values >
0.95 indicate a relatively good fit, although caution
is needed in their interpretation under ordinal-
valued data. To facilitate the interpretation of effect
sizes, we diverted from Liu et al. (2017) model speci-
fication by fixing time 1 latent factor variances to 1
instead of using anchor factor loadings (Murray
et al.,, 2020; Rosenstrom et al., 2021). The pre-
therapy item liabilities were also fixed to unit variance
and zero mean for model identification. We used all
pairwise complete observations when computing

i3T1 | | i4T1 | [ i5T1 || i6T1 iNT1

Loadinginvariance

— 1 / Ji / i

_/

]
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polychoric correlation matrices for structural
equation modeling, as missing data imputation
remains understudied in this context (Arndt et al.,
2020; Rosenstrom et al., 2021).

Figure 1 illustrates the series of nested models
typical to LMI testing. First, configural (or “weak”)
invariance is evaluated by assessing whether the
same factor loading structure applies in time 1 and
time 2 (pre- and post-therapy), explaining the
cross-lagged item-item covariances in addition to
cross-sectional ones. In practice, configural invar-
iance is established if the model fits data. Configural
invariance ensures that changes in the CORE-OM
responses align with the cross-sectionally established
factorial structure (e.g., loadings structure or dimen-
sion does not change over time). However, it does
not ensure that the factor loadings, the relation
between item liabilities and the latent factor, stay
invariant across time. Second, loading invariance is
established if a model that fixes time 1 and time 2
factor loadings equal does not significantly differ in
fit from the configural invariance model. However,

Configuralinvariance

i1T2 | | i212 i3T2 | | i4T2 | | i5T2 | | i6T2

—

Pr(endorse)

Unique factor invariance

Category

Threshold invaﬁance/

Category

Figure 1. A concept-illustrating joint sketch of path-diagrams for longitudinal measurement invariance assessment in a unidimensional
factor analysis model (see Liu et al., 2017 and Rosenstrom et al., 2021 for accurate details). Transparent “@” symbols over red and
dashed elements highlight possible features indicating lack of invariance. Configural invariance is assessed from model fit and requires
that the same factor model fits in times 1 and 2 and that cross-time cross-item correlations reflect only the intended factor structure
(e.g., time 2 extra factors or cross-time correlations between unique variance of different items are forbidden). Loading invariance is assessed
by testing an additional constraint that time 1 and time 2 factor loadings (A values) are equal to each other (i.e., items measure the latent
factor equally well in all times). Threshold invariance is tested by further constraining ordinal item-response category thresholds to equal
across time (i.e., the items behave similarly in relation to some liability continuum behind the ordered self-report, or Likert, categories).
Unique factor invariance is tested by further constraining time 2 unique item variances to 1 (as in time 1), meaning that means, variances,
and within-time covariances of latent continuous responses are entirely attributable to changes in the latent common factor over time.
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the relation of the ordinal item categories to the
underlying factor and item-endorsement liabilities
could still change in time despite the loading invar-
iance. Third, threshold invariance is established if
the ordinal item thresholds can be fixed equal
across time without deteriorating fit with respect to
the loading-invariance model. However, this only
fixes thresholds relative to each other but not their
overall scale. Finally, if fixing all unique variances
to unit in a unique factor invariance model does not
significantly reduce the model fit, the scales of the
thresholds are considered time-invariant (for discus-
sion on meanings of thresholds, see Liu et al., 2017;
Rosenstrom et al., 2021; Verhulst & Neale, 2021).
Only then, the changes in average ordinal responses
are attributable to changes in the latent constructs
or changes unique to pertinent items, and we can
conclude that there is no evidence for an LMI viola-
tion at any level of our conceptual measurement
model. The intended measurement construct stays
conceptually immutable over time, with people chan-
ging their levels of the construct.

The above LMI model series can be tested in
several ways and the state-of-art is under rapid evol-
ution. Therefore, we conservatively interpreted
three different forms of evidence for LMI. First, a
CFI decrease greater than 0.01 may indicate a
lack of measurement invariance. We examined
this frequently used index (Cheung & Rensvold,
2002; de Jonge et al., 2018; Gluschkoff et al.,
2019). Second, we also interpreted chi-squared
difference tests between successive models, as rec-
ommended (Liu et al., 2017). This approach may
be oversensitive in big data, however, because it
assesses deviations from perfect fit to data. There-
fore, and thirdly, we also conducted chi-squared
“equivalence tests” to see if we could reject a
hypothesis that a fit is poor. This provides more
direct support for the alternative hypothesis of
acceptable fit than is available from the traditional
null hypothesis testing (Counsell et al., 2020;
Yuan et al., 2016; Yuan & Chan, 2016). We used
a population RMSEA of 0.08 together with the pre-
viously published equiv_chi R function (Counsell
et al., 2020). For sample size, we investigated
both full and listwise-deleted sample sizes to get
p-values associated with upper and lower bounds
of effective sample size, respectively. We con-
sidered evidence against LMI solid if all the three
assessment strategies detected a violation of LMI.
As an additional probe into the practical signifi-
cance of potential LMI violations, we compared
model-predicted item category endorsement fre-
quencies between the violated LMI model and the
last non-violated model in the sequence (Liu
et al.,, 2017).

Results

Overall, the data included 1715 psychotherapy
patients of which 379 were men (22.1%), and 943
were patients coming to treatment with a referral
from primary care setting (54.99%; compared to
special care). The median time the patients took to
complete the therapy was 195 days, or 6.5 months
(212 days on average; s.d. 68 days). As most patients
had a coupon for a certain number of sessions, the
therapists had not always reported the actual
number of sessions, but it was 14 on average
amongst the patients with a positive entry (median
18, s.d. 7, range 1-40). All the patients had full base-
line data on CORE-10 and -OM, whereas 1521 had
also full post-therapy follow-up data (88.69%).
Those who lacked the post-therapy data did not
differ from others in terms of gender (26% men vs.
22%; x*=1.989, d.f.=1, p=0.158), average age
(39.4 vs. 40.2 years; t=-0.739, p=0.460), and
most common primary diagnosis (11.1% with unspe-
cified anxiety disorder, F41.9, vs. 11.1%; x> = 0.000,
d.f. =1, p = 1), but they did have 1.36 points higher
baseline clinical score in CORE-10 (z=2.566, p=
0.011) and 1.29 points higher CORE-OM score (¢
=2.771, p=0.006). Only 41 patients had more
than one treatment course, and we used only the
data from the first short treatment course in such
cases. All the pairwise complete observations (i.e.,
all 1715 patients) contributed to the below LMI
analyses.

The average pre- and post-therapy clinical scores
(s.d.) were 15.9 (6.6) and 11.7 (7.0) for CORE-10,
and 14.7 (5.7) and 11.0 (6.1) for CORE-OM.
Hedge’s g effect sizes were —0.62 for CORE-10 and
—0.63 for CORE-OM, whereas the paired Cohen’s
d effects were —0.62 for CORE-10 and —0.65 for
CORE-OM (Goulet-Pelletier & Cousineau, 2018
for definitions). The supplementary online material
provides basic data on the item level.

Factor Number (Dimensionality) for CORE-
10 and -OM

In the baseline, CORE-10 was clearly unidimen-
sional according to parallel analysis (Supplementary
Figure S1) and, consistent with other studies, it
had a good internal consistency (a=0.84, with
95% bootstrap CI of 0.82-0.85). We detected 5
factors, or dimensions of covariation, for the full 34
items in CORE-OM but neither 5- nor 1-factor
LMI models converged in this full set of items.
Items #6 (“I have been physically violent to
others”) and #22 (“I have threatened or intimidated
another person”) had very few endorsements in cat-
egories like “often” or “all or most the time” referring



to the last week. Therefore, we combined them as in
Murray et al. (2020) to better estimate correlations
in categorical data. Consequently, the factor
number was reduced to four and convergence was
achieved. We discuss the four-factor solution in
these item-combined data below, whereas the sup-
plementary online material covers the parallel analy-
sis tests and a five-factor exploratory bifactor analysis
of the original data.

Longitudinal Measurement Invariance
(LMI) of CORE-10

The unidimensional measurement model fitted well
with the CORE-10 data overall (Table I). When eval-
uating effect-size (CFI criterion) or chi-squared
equivalence (acceptable-fit) tests, we observed no
violations of LMI (Table I). We detected threshold
and unique-factor LMI violations using chi-squared
difference (perfect-fit) tests, but this is a rather sensi-
tive test in large samples (see Methods). In practice,
the maximum absolute difference between item-cat-
egory endorsement probabilities predicted by loading
vs. threshold LMI models was 0.036, which is less
than 0.05 that Liu et al. (2017) used as a threshold
for practical significance. The supplementary online
materials provide full parameter estimates on the
final (unique-factor) LMI model.

LMI of CORE-OM

For comprehensiveness, we also assessed ILMI for the
34-item CORE-OM inventory. As per our analytic
strategy (see Methods), we first investigated an
exploratory bifactor-rotated factor solution in the
baseline (pre-therapy) data to define the meaningful
factors (Table II). Then, we tested whether we could
confirm LMI for the indicated factor structure
(Table I, lower 4 rows). Effect-size and equivalence
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tests detected no LMI violation, but the overall fit
of the model was rather bad (RMSEA > 0.5 and
CFI < 0.95 throughout; chi-squared difference tests
detected less than perfect LMI in all cases). Since,
in principle, the configural LMI model should have
a good fit to data for one to continue assessing the
full LMI, the finding on low overall fit warranted
further attention. Is it a genuinely longitudinal issue
to begin with?

Observations on Cross-Sectional Factor
Structure of CORE-OM

Similar to the configural LMI model above
(RMSEA =0.066 and CFI=0.872), a confirmatory
factor model for CORE-OM items at baseline only
also had a low fit to data (RMSEA =0.092 and
CFI =0.815). We verified that this is not an issue
related to confirmatory constraints by computing
fit-index values directly from the polychoric corre-
lation matrix and a four-factor exploratory factor
analysis solution on it (RMSEA =0.084, CFI=
0.868). Using a five-factor solution made only a
little difference (RMSEA =0.080, CFI=0.888), as
could be anticipated from the parallel analysis plots
(supplementary online file). The full CORE-OM
item set simply did not fit very well to a factor
model of any kind. But, could the CORE-OM bifac-
tor solution nevertheless suggest why the subset of
items belonging to the CORE-10 yielded such a
fitting factor model? We thought so (see Discussion).

Discussion

Unlike hypothesized, our study revealed good cross-
sectional and longitudinal psychometric properties
for CORE-10. As for CORE-OM, the cross-sectional
psychometric properties and longitudinal model fit
were not good, although we did not detect robust

Table I. Longitudinal measurement invariance model fit and tests for CORE-10 and CORE-OM inventories.

Inventory Invariance RMSEA CFI )(2 A(df) Pa Pe

CORE-10 Configural 0.044 0.977 - - - <0.001
Loading 0.043 0.977 9.069 9 0.431 <0.001
Threshold 0.043 0.973 104.396 28 <0.001 <0.001
Unique factor 0.042 0.973 37.94 10 <0.001 <0.001

CORE-OM Configural 0.066 0.872 - - - <0.001
Loading 0.065 0.871 93.495 42 <0.001 <0.001
Threshold 0.064 0.874 202.526 94 <0.001 <0.001
Unique factor 0.062 0.888 100.224 33 <0.001 <0.001

Note. RMSEA = root mean squared error of approximation; CFI = comparative fit index; A(df) = change in degrees of freedom compared to
the model of the above row; x2 = the associated chi-squared statistic; pq = the associated chi-squared difference test p-value; and p. = the

associated chi-squared equivalence test p-value (for » = 1715, but results were the same with conservative sample size based on only those
with the full data, n = 1544). Note that pg < 0.05 indicates LMI violation by rejecting perfect model fit, whereas p. > 0.05 indicates LMI

violation by failing to reject unacceptable fit.
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Table II. Factor loadings from an exploratory bifactor analysis on
pre-therapy data.

Factor 3:
Self-harm
Factor 2: and Factor 4:
Factor 1: Functioning suicidal Alienation
General (vs. ideation and
Item distress rumination) (risk) aggression
1 0.655 0.060 0.037 0.211
ot 0.700 -0.224 -0.105 0.031
3t 0.451 0.329 -0.025 0.217
4 0.731 0.316 0.042 —-0.053
5 0.773 —-0.011 —0.065 —-0.099
6_22 0.251 —-0.076 0.136 0.254
7t 0.677 0.232 0.030 —-0.092
8 0.326 -0.074 —0.004 0.043
9 0.604 -0.024 0.724 0.018
10t 0.702 0.030 —-0.036 0.093
11 0.692 -0.114 —0.069 0.012
12 0.708 0.347 -0.064 -0.072
13 0.698 —0.392 0.015 —-0.005
14 0.549 -0.292 0.068 0.048
15t 0.622 —0.365 0.009 0.085
16" 0.646 0.019 0.661 —-0.047
17 0.824 —-0.148 0.043 —0.098
18t 0.407 -0.116 -0.029 -0.027
19 0.357 0.410 0.021 0.016
20 0.651 —0.309 -0.106 -0.079
21 0.608 0.221 -0.038 —0.068
23t 0.855 —-0.085 0.091 —-0.104
24 0.708 0.043 0.524 —-0.05
25 0.483 -0.006 -0.035 0.593
26 0.493 0.195 0.033 0.376
27t 0.831 —-0.023 0.009 0.017
28t 0.607 -0.281 0.008 0.107
29 0.489 —-0.099 —-0.049 0.230
30 0.596 0.031 0.125 0.097
31 0.707 0.323 —0.041 -0.157
32 0.656 0.344 —-0.078 —0.098
33 0.491 —-0.104 0.013 0.553
34 0.466 -0.093 0.418 0.231

Note. Loadings > 0.3 highlighted with bold font and CORE-10
items with superscripted “t.” Items 6 and 22 were combined due
to low endorsement rates and ensuing convergence issues. The
combined item was allowed to load on the general factor in
confirmatory modeling despite the loading < 0.3.

violations of longitudinal measurement invariance
(LMI) on top of the overall low fit. Only the sensitive
chi-squared test always suggested a lack of perfect
LMI but this is not necessarily a good index in
large samples (Counsell et al., 2020; Rosenstrom
et al., 2021). Thus, rather than being a genuinely
longitudinal issue of response shifts, the low fit
indexes for CORE-OM were observed cross-section-
ally as well.

Although past studies using a highly sensitive stat-
istical chi-squared difference tests have frequently
found LMI violations in psychiatric symptom
scores for depression or anxiety, more recent
studies testing for acceptable fit or using effect-size-

based measures have indicated that the scores fulfill
the LMI requirement (Rosenstrom et al., 2021;
Stochl et al., 2020). Here, we showed that also
CORE-10 did fulfill the approximate LMI assessed
in this manner while failing the perfect LMI assessed
via the chi-squared difference test. In terms of psy-
chometric structure, these findings support the use
of CORE-10 sum scores in the longitudinal assess-
ment of psychotherapy effectiveness.

While not failing tests of LMI per se, CORE-OM
failed the tests of adequate model fit. This is
perhaps not surprising. A comparison of CORE-
OM translations revealed that none replicated the
original CORE-OM structure and the fit indexes
were generally below the typically recommended
values (Zeldovich & Alexandrowicz, 2019). Lyne
et al. (2006) studied 2140 patients receiving psy-
chotherapy in the UK and introduced a seven-
factor bifactor model to achieve fit-index values
close to usual recommendations. However, they
relied on sequential comparisons of confirmatory
SEMs which tends to lead to too many (artefactual)
factors (Hayashi et al., 2007), and also used confir-
matory bifactor models that are prone to overfit
(Eid et al., 2017; Markon, 2019). In contrast, the
exploratory bifactor rotation of Table II has the
exact same fit as the classic exploratory factor analy-
sis model and thus does not overfit relative to it
(Jennrich & Bentler, 2011; Rosenstrom et al., 2019).

The CORE-OM item set may not adhere to a
simple factorial structure, but why CORE-10
showed LMI despite expectations to the contrary
and why did it fit data so much better than CORE-
OM? Looking at our bifactor solution for the full
CORE-OM item set, we observed that no more
than two of the items selected to CORE-10
(dagger-superscripted in Table II) load on a same
specific factor. Most of the items of CORE-10 load
only on the general factor of CORE-OM and not
its specific factors. Since at least three items are
required to form a factor, the CORE-10 items lie
on an item-subspace where item-item covariation is
attributable to the general factor, whereas the
(CORE-OM) specific factors get isolated in the
residuals of (CORE-10) single items. Hence, the
CORE-10 items appear a convenient set to
measure the general factor, as long as one keeps in
mind that the unique item variance is not all error
(i.e., it contains parts of specific factors among
other things). Interestingly, CORE-10 items are not
particularly characteristic of internalizing (e.g.,
depressive and anxiety disorders) or externalizing
(e.g., antisocial personality and substance-use dis-
orders) spectra of psychopathology but rather some-
where in between (unwanted image/memories,
panic/terror, social-interaction difficulties, plans to



end life, etc.). Amongst psychopathologies, also bor-
derline personality traits fall between internalizing
and externalizing spectra and show particularly
strong association with general psychopathology
factor (Eaton et al., 2011; Gluschkoff et al., 2021).
Because specific internalizing and externalizing
traits are residual to the general factor in a bifactor
structure, pure indexes of the general factor should
not be particularly characteristic of neither. As the
CORE-10 items appeared to fulfill this criterion,
future research could address correspondence
between general psychological distress in CORE-10
and the general psychopathology factor.

A simple and efficient measure for general psycho-
pathology could be useful in clinical practice. For
example, Constantinou et al. (2019) modeled
general and specific psychopathology factors over a
psychosocial intervention, finding that within-
person levels of a general psychopathology factor
and specific antisocial factor declined but those
specific to anxiety increased. A typical anxiety sum
score would likely have decreased in treatment
because it largely reflects general pathology, being
confounded with it (Caspi & Moffitt, 2018). Item-
sum measures like CORE-10 inevitably confound
anxiety and general psychopathology. However, it
remains for future research to show whether they
nevertheless are sufficiently saturated with general
psychopathology to tease apart such findings as Con-
stantinou et al. (2019) did use structural equation
models. CORE-OM, the parent inventory of
CORE-10, contains multiple factors but their psy-
chometric validity and LLMI remains unclear (Lyne
et al., 2006; Murray et al., 2020; Skre et al., 2013;
Zeldovich & Alexandrowicz, 2019), making it less
salient choice for such endeavors than CORE-10.

It seems plausible that both general psychopathol-
ogy and at least some specific disorders could be
assessed with a hierarchy of factor models that
fulfill LMI (Gluschkoff et al.,, 2019; Rosenstrom
et al.,, 2021; Stochl et al., 2020). Perhaps future
measures of psychotherapeutic core outcomes will
be built around hierarchical models of etiology
(Hopwood et al., 2020). From a purely statistical
perspective, our study suggests that the CORE-10
sum score fulfills LMI and might play a role in
such measures. Non-confounded measurements on
various general and specific effects eventually might
take us a long way towards understanding specific
effects of psychotherapy, which currently remain
poorly understood (Cuijpers, Cristea, et al., 2019;
Cuijpers, Reijnders, et al., 2019). Teasing apart
general and specific mechanisms that influence psy-
chotherapy outcomes has been notoriously difficult
(Cuijpers, Reijnders, et al.,, 2019; Wampold &
Imel, 2015).
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A strength of the present study compared to some
previous ones (e.g., Murray et al., 2020) was our
ability to investigate practical consequences and
correlates for violations of longitudinal measure-
ment invariance, or “response shifts.” Other signifi-
cant strengths of this study were our comprehensive
registry of naturally occurring psychotherapies and
comprehensive set of (three different) criteria to
detect LMI violations. Limitations include poten-
tially non-benign latent normality assumptions in
the LMI models and their inability to exhaust all
forms of unintended response shifts (see Rosen-
strom et al., 2021). Furthermore, generalizability
of the results is limited by possible differences
between different language versions of the CORE-
OM that might remain despite the extensive work
to accurately translate the English version to
Finnish to mitigate such sources of bias (Juntunen
et al.,, 2015). One practical implication of the
study was that the CORE-10 item set offers a
short core outcomes self-report inventory that is
psychometrically satisfactory when measuring the
change in distress under psychotherapy. Neverthe-
less, it may be debatable whether CORE-10 offers
adequate content coverage for a wide-band con-
struct like “general psychological distress.” The
CORE-OM that has a wider content coverage did
not enjoy similarly satisfactory psychometric prop-
erties. In what pertains to the psychometric struc-
ture only, however, these findings support the use
of CORE-10 sum scores in the longitudinal assess-
ment of psychotherapy effectiveness and do not
support CORE-OM. Besides psychometrics, other
arguments for and against their use exist but are
outside the scope here.
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