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Abstract

Objectives:Model configuration is important for mental health data harmonization.

We provide a method to investigate the performance of different bifactor model

configurations to harmonize different instruments.

Methods: We used data from six samples from the Reproducible Brain Charts

initiative (N = 8,606, ages 5–22 years, 41.0% females). We harmonized items from

two psychopathology instruments, Child Behavior Checklist (CBCL) and GOASSESS,

based on semantic content. We estimated bifactor models using confirmatory factor

analysis, and calculated their model fit, factor reliability, between‐instrument
invariance, and authenticity (i.e., the correlation and factor score difference be-

tween the harmonized and original models).

Results: Five out of 12 model configurations presented acceptable fit and were

instrument‐invariant. Correlations between the harmonized factor scores and the

original full‐item models were high for the p‐factor (>0.89) and small to moderate

(0.12–0.81) for the specific factors. 6.3%–50.9% of participants presented factor

score differences between harmonized and original models higher than 0.5 z‐score.
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Conclusions: The CBCL‐GOASSESS harmonization indicates that few models pro-

vide reliable specific factors and are instrument‐invariant. Moreover, authenticity

was high for the p‐factor and moderate for specific factors. Future studies can use

this framework to examine the impact of harmonizing instruments in psychiatric

research.
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CBCL, data integration, GOASSESS, harmonization, p‐factor, questionnaire

1 | INTRODUCTION

Phenotypic data integration is essential to advance knowledge in

psychiatry and psychology. Most of the recent advances in repro-

ducible findings for themental health sciences involve the aggregation

of many datasets (Sullivan et al., 2018; Thompson et al., 2014). A

pressing problem in that endeavor is that different datasets frequently

use different assessment instruments (Mansolf et al., 2020; McElroy

et al., 2021; Thompson et al., 2022). Understanding the best methods

to integrate data from distinct datasets can result in increased

reproducibility of research findings, accelerate scientific discovery,

and, consequently, translate scientific findings into practice.

Most available harmonization strategies rely on item‐wise se-

mantic matching (McElroy et al., 2021). Using this method, re-

searchers who aim to harmonize two questionnaires look for

semantically common items and select an item pool that is similar

enough to allow a combined analysis. We recently showed these

methods' advantages over alternative data harmonization methods

(Hoffmann, Moore, Axelrud, Tottenham, Pan, et al., 2022, submitted).

However, when harmonizing such items, the researcher must choose

a measurement model for putting items together. We can take the

Child Behavior Checklist (CBCL) as an example. The CBCL is one of

the most widely used parent‐reported assessment of emotional and

behavioral problems in youth, containing 120 items (Achenbach &

Rescorla, 2001). Using this instrument, 11 published models are using

the bifactor structure (Constantinou & Fonagy, 2019; Hoffmann,

Moore, Axelrud, Tottenham, Zuo, et al., 2022). Therefore, given the

diversity of modeling choices for assessment instruments, one must

have a clear rationale for choosing one measurement model over

another.

At least three indicators might be relevant for making such

decisions. The first is model fit and reliability. These measures

indicate how well the model explains the structural relationships

among the included variables and the extent to which the bifactor

model's dimensions are internally consistent (Bornovalova

et al., 2020; Rodriguez et al., 2016). The second indicator is in-

strument measurement invariance. Instrument invariance test if

differences between scores assessed by two questionnaires that

aim to measure the same underlying construct are due only to

differences in the underlying construct and not due to instrument

differences. Finally, a third indicator that is less frequently

considered is authenticity: the degree of concordance between

factor scores from the harmonized models (i.e., with the limited

item pool) and factor scores from original models (i.e., with the full

item pool). While model fit and instrument invariance are indicators

of internal validity, authenticity is a measure of external validity—a

way to assess the harmonization costs in terms of the deviation

from published measurement models.

Most measurement models of psychopathology that used

harmonized items from different instruments (i.e., item‐harmonized
models) have been tested using unidimensional structures, which

presented good model fit and invariance testing (Gondek

et al., 2021; McElroy et al., 2021; Ploubidis et al., 2019). However,

the impact of item harmonization on bifactor models has been

sparsely explored. A bifactor measurement model assumes that the

variation among items can be explained by, aside from error, a

general factor (shared variance among all items) and orthogonal

specific factors (explained variance of a subset of items above and

beyond the general factor). Previous evidence has demonstrated

the predictive and biological validity of the general and specific

factors of psychopathology using this model (Allegrini et al., 2020;

Caspi & Moffitt, 2018; Kaczkurkin et al., 2018, 2019; Laceulle

et al., 2020; Sallis et al., 2019; Shanmugan et al., 2016; Thompson

et al., 2021; Waszczuk et al., 2021).

However, despite its clinical utility has been proposed (Caspi

et al., 2020), there is a current debate on the substantive meaning of

the derived factors (general/p‐ and specific factors), as they could

represent impairment, cognitive dysfunction, negative affectivity, etc.

(Caspi & Moffitt, 2018; Heinrich et al., 2020; Smith et al., 2020) which

could depend on instrument and sample that are being used for

modeling (Fernández de la Cruz et al., 2018; Levin‐Aspenson
et al., 2021; Watts et al., 2020). Thus, data aggregation (i.e., harmo-

nizing different instruments and samples) might shed further light on

the validity and utility of the bifactor model by overcoming its

sensitivity on instruments and samples. In this study, we evaluated a

method for testing bifactor models while performing item‐wise
harmonization of two mental health questionnaires, the CBCL and

GOASSESS, a questionnaire derived from the Kiddie Schedule for

Affective Disorders and Schizophrenia. The method consists of

(1) harmonizing items using bifactor models previously used in

studies of the CBCL (n = 11 models) or GOASSESS (n = 1 model), (2)

testing model fit and factor reliability, (3) measured questionnaire's
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invariance for the bifactor models using harmonized items, and (4)

measured the correlation and factor score difference between

bifactor models using harmonized and un‐harmonized items with the
full item set (i.e., authenticity). We hypothesized that the bifactor

models using harmonized items would present reliable p‐factors and
be questionnaire‐invariant. Moreover, we predicted that the p‐
factors from the models using harmonized items would be

authentic with models containing the full item set.

2 | METHODS

2.1 | Sample

The samples consist of those subjects within the Reproducible Brain

Charts (RBC) initiative. A complete description of the RBC samples

can be found elsewhere (Hoffmann, Moore, Axelrud, Tottenham, Zuo,

et al., 2022). Briefly, it contains phenotypic data from six large‐scale
developmental imaging cohorts, which are the Philadelphia Neuro-

developmental Cohort (PNC) (Satterthwaite et al., 2016), the Bra-

zilian High‐Risk Cohort Study for Mental Conditions (BHRCS) (Salum

et al., 2015), the Healthy Brain Network (HBN) (Alexander

et al., 2017), the Nathan Kline Institute‐Rockland Sample (NKI‐RS)
(Nooner et al., 2012), the developmental component of the Chinese

Color Nest Project (devCCNP) (Liu et al., 2020), and the Parents and

Children Coming Together project (PACCT; PIs: Tottenham & Mil-

ham) (Nikolaidis et al., 2022). Healthy Brain Network is treatment‐
seeking samples. Philadelphia Neurodevelopmental Cohort, NKI‐RS,
and devCCNP are community‐based samples. BHRCS is a community
sample enriched for high family risk for psychopathology. PACCT is a

community sample enriched for caregiving‐related adversities.

For this study, we have included baseline data from PNC

(n = 1,601, aged 8–22, 52.3% females), BHRCS (n = 2,511, aged 6–14,

45% females), HBN (n = 3,629, aged 5–22, 36% females), NKI‐RS
(n = 374, aged 6–17, 45% females), devCCNP (n = 181, aged 6–18,

52% females) and PACCT (n = 312, aged 6–12, 52% females). The

final sample comprised 8606 subjects aged 5–22, 41.0% females. In

PNC, psychopathology was assessed using the GOASSESS (described

below). All the other samples used CBCL.

2.2 | Instruments

2.2.1 | Child Behavior Checklist

The CBCL is a 120‐item parent‐report assessment of current

emotional and behavioral symptoms in participants aged 6–18 over

the past 6 months, answered on a 3‐point scale (0 = not true,

1 = somewhat/sometimes true, and 2 = very true/often). It encom-

passes eight syndromes: anxious‐depressed, withdrawn‐depressed,
somatic complaints, rule‐breaking behavior, aggressive behavior, so-

cial problems, thought problems, and attention problems (Achen-

bach & Rescorla, 2001). To harmonize with GOASSESS, CBCL scores

1 and 2 were collapsed to generate a binary‐scaled variable

compatible with GOASSESS (i.e., 0 or 1). In the present study, we

extended the CBCL preconized age (6–17) to between 5 and 22 years

old based on a previous finding showing age‐invariance when CBCL is
used to this extended age range (Hoffmann, Moore, Axelrud, Tot-

tenham, Zuo, et al., 2022). Items can be found in Table S1.

2.2.2 | GOASSESS

GOASSESS is a 120‐item instrument based on DSM‐IV constructs,

including symptoms of mood disorders (Major Depressive Episode,

Manic Episode), anxiety disorders (Generalized Anxiety Disorder,

Separation Anxiety Disorder, Specific Phobia, Social Phobia, Panic

Disorder, Agoraphobia, Obsessive‐Compulsive Disorder, Post‐
traumatic Stress Disorder), Attention Deficit/Hyperactivity Disor-

der (ADHD), behavioral (Oppositional Defiant Disorder, Conduct

Disorders) and eating disorders (Anorexia, Bulimia), and suicidal

thinking and behavior. Items are scored as 0 (absent) or 1 (currently

present) and were parent‐reported. The instrument is abbreviated

and modified from the epidemiologic version of the NIMH Genetic

Epidemiology Research Branch Kiddie‐SADS, and its development is

described and tested elsewhere (Calkins et al., 2015). Items can be

found in Table S1.

2.3 | Study design

We aimed to evaluate how to best harmonize different question-

naires in different samples using the bifactor model framework for

psychopathology. To reach this general aim, we performed the

following five steps. First, we selected bifactor models using the

CBCL and GOASSESS. Second, we selected items from these models

to harmonize CBCL (HBN, BHRCS, NKI‐RS, devCCNP, and PACCT

samples) and GOASSESS (PNC sample) using item‐wise expert‐
based semantic harmonization strategy (Hoffmann, Moore, Axel-

rud, Tottenham, Pan, et al., 2022, submitted). Third, we applied the

selected harmonized items for each model and tested model fit and

reliability. Fourth, we tested each questionnaire's invariance in the

harmonized models. Finally, we tested the authenticity of harmo-

nized scores by estimating the correlation and differences between

factor scores from harmonized versus original models (i.e., the same

factor structure for the full item set described in the original

publications).

Semantic matching was rated by two researchers (MSH and

LKA). Any disagreement was decided by a third rater (GAS). We

recently tested the performance of 11 CBCL bifactor models, which

revealed differences in specific factors' characteristics depending on

the items used (Hoffmann, Moore, Axelrud, Tottenham, Zuo,

et al., 2022). We selected models that presented reliable specific

factors from this previously published work that were also associated

with functional impairment. Three models with internalizing and

externalizing specific factors (named Achenbach 2S, Deutz GP, and

HOFFMANN ET AL. - 3 of 14
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Clark 2S) and three with internalizing, externalizing, and attention

specific factors (named McElroy, Moore 3S, and Clark 3S) were used

as CBCL‐based harmonized models. CBCL‐derived original factor

scores (i.e., full item set) were obtained from the same published

work (Hoffmann, Moore, Axelrud, Tottenham, Zuo, et al., 2022). One

GOASSESS‐based bifactor model was published using mixed in-

formants (Kaczkurkin et al., 2018, 2019; Shanmugan et al., 2016).

This model contains an item‐wise GOASSESS‐derived p‐factor (112
items) and four specific factors, namely anxious‐misery (38 items

from depression, generalized anxiety, obsessive‐compulsive, and

panic symptoms), fear (31 items from separation and social anxiety,

specific phobia, and agoraphobia), behavioral (23 items from atten-

tion/hyperactivity, conduct, and oppositional‐defiant symptoms) and
psychosis (20 items from manic and psychotic symptoms). Among

these items, 36 were harmonized with CBCL in the model Shanmu-

gan 4S (see Table S2). Because the previous GOASSESS bifactor

model was published using mixed informants (parents and child re-

ports), we estimated a new bifactor model using the full item set for

parent‐report only (model named Shanmugan et al., 2016). Therefore,
all factor scores used in this study were based on parent‐reported
symptoms.

2.4 | Statistical analysis

2.4.1 | Global fit and model‐based reliability testing

We applied confirmatory factor analysis (CFA) using delta parame-

terization and weighted least squares with diagonal weight matrix

with standard errors and mean‐ and variance‐adjusted chi‐square
test statistics (WLSMV) estimators. To evaluate global model fit, we

used root mean square error of approximation (RMSEA), comparative

fit index (CFI), Tucker–Lewis index (TLI), and standardized root mean

square residual (SRMR). Root mean square error of approximation

lower than 0.060 and CFI or TLI values higher than 0.950 indicate a

good‐to‐excellent model. SRMR lower than or equal to 0.080 indicate

acceptable fit, and lower than 0.060 in combination with previous

indices indicates good fit (Hu & Bentler, 1999). The samples were

used as clusters to adjust for the non‐independence of the standard

errors.

We used 10 model‐based reliability indices to evaluate the

bifactor models described in full in supporting information (page 2).

Briefly, they were omega (ω), hierarchical omega (ωH), factor de-

terminacy (FD), H index, explained common variance (ECV), ECV of a

specific factor due to itself (ECV‐SS), ECV of a specific factor relative

to the general factor (ECV‐SG), ECV of the general factor relative to

a specific factor (ECV‐GS), and percent uncontaminated correlations

(PUC) (Dueber, 2017; Rodriguez et al., 2016). The construct can be

interpreted as unidimensional when ωH is > 0.8 and ECV and PUC

are >0.7 (Rodriguez et al., 2016). We also examined the percentage

of items on specific factors with significant negative (<=−0.3) factor
loading (PINFL) and the percentage of items on specific factors with

high (≥0.3) factor loading (PIHFL).

2.4.2 | Invariance testing

First, we tested whether the models are structurally similar (config-

ural invariance). After that, we tested whether items were informing

symptoms at an equivalent level and equally correlated with each

questionnaire's latent factors (scalar invariance). Invariance was

tested with multigroup CFA (MG‐CFA) for ordinal data, establishing
group equality in model configuration, thresholds, and loadings using

the option “model = configural scalar” in Mplus. Invariance is estab-

lished by comparing global model fit indices between constrained

models (B. Muthén & Asparouhov, 2002; Ploubidis et al., 2019). ΔCFI
<0.01 supplemented by ΔRMSEA <0.015 or ΔSRMR <0.010 between
models with increasing levels of constraints indicate invariance

(configural vs. scalar) (Chen, 2007).

2.4.3 | Authenticity

Model authenticity was examined in two ways. First, we estimated the

Pearson correlation of factor scores among harmonized versus orig-

inal full item set from CBCL and GOASSESS models, applied to the

study samples. This estimates how close a harmonized model coheres

to the original models, providing a concise summary of the repro-

ducibility and validity of the harmonized models. Second, we calcu-

lated the differences between harmonized and full‐item set bifactor

scores using Bland‐Altman plots. We also calculated the proportion of

subjects with factor score differences between harmonized and

original models higher than 0.5 to indicate prediction error. Finally, as

a sensitivity analysis, we estimated the same harmonized models for

samples separated by instrument (i.e., using GOASSESS or CBCL only).

We correlated these models with the full item set. This estimates how

close a harmonized model is to the original models without the

interference of other samples.

All CFAs were carried out using Mplus version 8.6 (Muthén &

Muthén, 2017) and implemented in R version 4.0.3 using the Mplu-

sAutomation package (Hallquist &Wiley, 2018), which was also used to

extract factor scores generated inMplus. All bifactor reliability indices

were calculated using the BifactorIndicesCalculator package in R

(Dueber, 2017). Invariance was tested with multigroup CFA (MG‐
CFA) using the option “model = configural scalar” in Mplus. Authen-

ticity was assessed using Pearson correlation, estimated, and plotted

using the rcorr function in the Hmisc package (Harrell, 2021). Bland‐
Altman plots were generated to demonstrate the average factor

score of the harmonized model relative to the measurement differ-

ence between harmonized and full‐item set models. We conducted a

supplementary analysis to understand if harmonized items were

consistently associated with demographic variables across studies.

For that, we estimate the tetrachoric correlation between harmonized

items with age (below age 11 and higher or equal than 11) and sex

(male as reference) for studies with these demographic variables (all

but PACCT). Tetrachoric correlations were calculated using the tetcor

function in the fungible R package (Waller et al., 2022). Code and

supporting tables can be found at https://osf.io/bg7zq/.
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TAB L E 1 CBCL and GOASSESS harmonized items

CBCL GOASSESS
Harmonized

codeItem Content Item Content

CBCL_4 Fails to finish things he/she starts ADD_012 Have problems following instructions or finishing things you

meant to get done

att_1

CBCL_8 Can't concentrate, can't pay attention for

long

ADD_011 Have trouble paying attention on activities that you

were doing

att_2

CBCL_10 Can't sit still, restless or hyperactive ADD_020 Have difficulty sitting still for more than a

few minutes at a time

att_3

CBCL_13 Confused or seems to be in a fog ADD_016 Been told that you did not seem to be listening

when they spoke to you

att_4

CBCL_61 Poor school work ADD_014 Make careless mistakes in school work or other activities att_5

CBCL_5 There is very little he/she enjoys DEP_006 Nothing was fun for you and you just weren't interested in

anything

int_1

CBCL_9 Can't get his/her mind off certain thoughts;

obsessions

OCD_006 Bothered by thoughts such as forbidden/bad thoughts int_2

CBCL_11 Clings to adults or too dependent SEP_508 Wanted to stay home or not leave without your attachment

figures

int_3

CBCL_14 Cries a lot DEP_002 Cried a lot or felt like crying int_4

CBCL_29 Fears certain animals, situations, or places,

other than school

PHB_008 Afraid of any other things or situations int_5

CBCL_31 Fears he/she might think or do something

bad

OCD_004 Bothered by fear that you would do/say something bad without

intending to

int_6

CBCL_50 Too fearful or anxious GAD_002 Worry a lot more than most people your age int_7

CBCL_66 Repeats certain acts over and over;

compulsions

OCD_016 Repretitive ordering or arranging things int_8

CBCL_71 Self‐conscious or easily embarrassed SOC_005 Afraid being the center of attention and were concerned

something embarrassing might happen

int_9

CBCL_75 Too shy or timid SOC_001 Really shy with people meeting new people going to

parties or doing things in front of others

int_10

CBCL_83 Stores up too many things he/she doesn't

need

OCD_018 You saved up so many things that they got in the way int_11

CBCL_91 Talks about killing self SUI_002 You have thought about killing yourself int_12

CBCL_103 Unhappy, sad, or depressed DEP_001 You felt sad or depressed most of the time int_13

CBCL_112 Worries GAD_001 Have been a worrier int_14

CBCL_15 Cruel to animals CDD_006 Been physically cruel to an animal or person ext_1

CBCL_16 Cruelty, bullying, or meanness to others CDD_005 Often bully others ext_2

CBCL_28 Breaks rules at home, school, or elsewhere ODD_002 Breaking rules at home/school ext_3

CBCL_43 Lying or cheating CDD_001 Got into trouble with adults like lying or stealing ext_4

CBCL_57 Physically attacks people CDD_007 Try to hurt someone with a weapon ext_5

CBCL_72 Sets fires CDD_003 Set fires break into cars or destroy someone else's property on

purpose

ext_6

CBCL_86 Stubborn, sullen, or irritable ODD_006 Irritable or grouchy or get angry because you thought

that things were unfair

ext_7

CBCL_87 Sudden changes in mood or feelings MAN_007 You felt unusually grouchy cranky or irritable ext_8

CBCL_88 Sulks a lot DEP_004 Felt grouchy irritable or in a bad mood most of the time ext_9

CBCL_95 Temper tantrums or hot temper ODD_001 Losing temper arguing with adults or being grouchy

or irritable with them

ext_10

(Continues)
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3 | RESULTS

The semantic harmonization between CBCL and GOASSESS items

resulted in 91.6% agreement (33/36 items, Table 1) between the

initial raters. Table 2 describes the configuration of the harmonized

bifactor models. Supplementary tetrachoric correlation between

harmonized items with age and sex for each study (Figure S1) dem-

onstrates that there are no major differences in item‐demographics
correlations between studies that used CBCL and GOASSESS (PNC

study).

3.1 | Model fit and reliability for item‐wise
harmonized bifactor models

Model fits indices for the seven harmonized bifactor models are

presented in Table 3. Factor loadings and factor reliability of each

model can be found in supporting tables (Table S2–S8). All CBCL‐
GOASSESS harmonized models fitted the data well, except Clark

2S, which presented CFI and TLI indices below 0.950.

For each factor, the harmonized models used 29.0%–50.0% of the

original item set in the CBCL‐based models and 16.0%–62.5% for the

GOASSESS‐based model (Table 4). Reliability indices demonstrated

that the harmonizedmodels weremultidimensional (p‐factorωH< 0.8

and ECV‐GS and PUC <0.7), except for the Clark 2 and 3S models (the
only S‐1 models), which presented poor reliability for the specific

factors (Table S2–S8). The behavior and psychosis specific factors

from the Shanmugan 4S model presented good FD and H‐index (Ta-
ble 4), indicating that the factor scores could be used in the analysis

and are well‐defined latent variables. Factor determinacy and H index

were borderline acceptable or poor for all remaining specific factors in

all models. Moreover, the average percentage of items with factor

loading ≥0.3 on specific factors was 57.1% (Table 4), corroborating

with the information that specific factors from CBCL‐GOASSESS
harmonized bifactors models are poorly defined.

The original PNC's bifactor model (Shanmugan et al., 2016)

presented a good fit (RMSEA = 0.019; 90%, CI = 0.18–0.20;

CFI = 0.935; TLI = 0.933; SRMR = 0.101) and results can be found in

Table S9 (note that in the present study, we used parent‐reports only
instead of self‐reports for adolescents).

3.2 | Instrument measurement invariance

Sample invariance testing demonstrated that Achenbach 2S and

Deutz GP models did not reach scalar invariance; therefore, in-

struments in these models may be a source of variance and can

explain mean differences between scores while using CBCL or

GOASSESS (Figure 1). Accordingly, these models were not further

used for the factor correlation analysis. Values for invariance testing

can be found in Table S10.

3.3 | Authenticity

We found that the correlation of harmonized scores with full item set

scores was similar for the Clark 2S, McElroy, Moore 3S, and Clark 3S

models (Figure 2a to 2d). These correlations varied from 0.95 to 0.96

for the p‐factors of these models and from 0.65 to 0.81 for the

specific factors. However, the Shanmugan 4S model presented a

wider range of correlations between factors derived from the full

item set model (Shanmugan et al., 2016) (Figure 2e and Table 4).

The proportion of subjects with a factor score difference be-

tween harmonized and original models higher than 0.5 varied from

T A B L E 1 (Continued)

CBCL GOASSESS
Harmonized

codeItem Content Item Content

CBCL_97 Threatens people CDD_008 Threaten someone ext_11

CBCL_101 Truancy, skips school CDD_002 Skip school stay out later than you were supposed

to or run away from home overnight

ext_12

CBCL_34 Feels others are out to get him/her PSY_071 Believed people being out to get you or controlling

what you do or think

psy_1

CBCL_40 Hears sounds or voices that aren't there SIP_012 Heard sounds of people talking when there is no one near me. psy_2

CBCL_70 Sees things that aren't there PSY_029 Have seen visions or seen things which other people

could not see

psy_3

CBCL_85 Strange ideas PSY_070 Believed in things that most other people don't believe in psy_4

CBCL_93 Talks too much MAN_004 Racing thoughts or pressured speech psy_5

Note: 1G4S model is the model in which most items from CBCL and GOASSESS are compatible and have psychosis specific factor added to the previous

specific factors. Achenbach 2S, Deutz GP and Clark 2S included internalizing and externalizing specific factors. Moore 3S and Clark 3S have attention/

hyperactivity in addition to the previous specific factors. Shanmugan 4S contained 36 items which were possible to harmonized with CBCL, and included

anxious‐misery, fear, behavior and psychosis specific factors.

Abbreviation: CBCL, Child Behavior Checklist.
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TAB L E 2 Configuration of the harmonized CBCL and GOASSESS bifactor models

Harmonized code Achenbach 2S Deutz GP Clark 2S McElroy Moore 3S Clark 3S Shanmugan 4S

att_1 P‐factor only Attention Attention Behavior

att_2 P‐factor only Attention Attention Attention Behavior

att_3 P‐factor only Attention Attention Attention Behavior

att_4 P‐factor only Attention Attention Attention Behavior

att_5 P‐factor only Attention Attention Attention Behavior

int_1 P‐factor only Internalizing Internalizing Anxious‐misery

int_2 P‐factor only Attention Attention Anxious‐misery

int_3 P‐factor only Internalizing Fear

int_4 Internalizing Internalizing Internalizing Internalizing Internalizing Anxious‐misery

int_5 Internalizing Internalizing P‐factor only Internalizing Internalizing Fear

int_6 Internalizing Internalizing Internalizing Internalizing Internalizing Internalizing Anxious‐misery

int_7 Internalizing Internalizing Internalizing Internalizing Internalizing Internalizing Anxious‐misery

int_8 P‐factor only Attention Attention Anxious‐misery

int_9 Internalizing Internalizing Internalizing Internalizing Internalizing Internalizing Fear

int_10 Internalizing Internalizing Internalizing Internalizing Internalizing Internalizing Fear

int_11 P‐factor only P‐factor only Anxious‐misery

int_12 Internalizing Internalizing P‐factor only Internalizing Internalizing Anxious‐misery

int_13 Internalizing Internalizing Internalizing Internalizing Internalizing Internalizing Anxious‐misery

int_14 Internalizing Internalizing Internalizing Internalizing Internalizing Internalizing Anxious‐misery

ext_1 P‐factor only Externalizing Externalizing Behavior

ext_2 Externalizing Externalizing Externalizing Externalizing Externalizing Externalizing Behavior

ext_3 Externalizing Externalizing P‐factor only Externalizing Externalizing Behavior

ext_4 Externalizing Externalizing Externalizing Externalizing Externalizing Externalizing Behavior

ext_5 Externalizing Externalizing Externalizing Externalizing Externalizing Externalizing Behavior

ext_6 Externalizing Externalizing Externalizing Externalizing Externalizing Externalizing Behavior

ext_7 Externalizing Externalizing Externalizing Externalizing Externalizing Externalizing Behavior

ext_8 Externalizing Externalizing Externalizing Externalizing Externalizing Internalizing Anxious‐misery

ext_9 Externalizing Externalizing Internalizing Externalizing Externalizing Externalizing Anxious‐misery

ext_10 Externalizing Externalizing Externalizing Externalizing Externalizing Externalizing Behavior

ext_11 Externalizing Externalizing Externalizing Externalizing Externalizing Externalizing Behavior

ext_12 Externalizing Externalizing Externalizing Externalizing Behavior

psy_1 Internalizing Externalizing Internalizing Psychosis

psy_2 P‐factor only P‐factor only P‐factor only Psychosis

psy_3 P‐factor only P‐factor only Internalizing Psychosis

psy_4 P‐factor only P‐factor only Attention Attention Psychosis

psy_5 Internalizing Attention Attention Psychosis

Note: 1G4S model is the model in which most items from CBCL and GOASSESS are compatible and have psychosis specific factor added to the previous

specific factors. Achenbach 2S, Deutz GP and Clark 2S included internalizing and externalizing specific factors. Moore 3S and Clark 3S have attention/

hyperactivity in addition to the previous specific factors. Shanmugan 4S contained 36 items which were possible to harmonized with CBCL, and included

anxious‐misery, fear, behavior and psychosis specific factors.

Abbreviation: CBCL, Child Behavior Checklist.
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6.3% to 13.7% in the CBCL‐based bifactor models, and it was 50.9%

for the Shanmugan 4S model. For the specific factors, this proportion

varied from 23.4% to 47.1% (Table 4).

Table 4 summarizes the key model features and results, including

multiple indicators of model fit and reliability and results from the

authenticity assessment. Based on these results, Achenbach 2S and

Deutz GP were non‐invariant, and the Clark 2 and 3S demonstrated

poor reliability for the specific factors described above. In addition,

the Shanmugan 4S presented two specific factors with poor

authenticity (anxious‐misery and psychosis). Therefore, the McElroy

and Moore 3S model resulted in the best models to harmonize CBCL

and GOASSESS, with differences concerning the reliability and

authenticity of attention and externalizing specific factors.

3.4 | Sensitivity analysis—Estimating models in
separated samples

Previous models were estimated by combining all six samples. The

low correlation between harmonized (Shanmugan 4S) and original

Shanmugan et al. (2016) models might be due to the instrument

imbalance among samples in the harmonized model. Given sample

size for CBCL is larger than GOASSESS, we also have conducted a

sensitivity analysis using only the sample that derived the model.

When bifactor models were estimated in separated samples

depending on the questionnaire used, they fitted the data well (Ta-

ble S11). The proportion of subjects with p‐factor score differences

higher than 0.5 between harmonized versus original Shanmugan

model decreased from 50.9% of the sample to 22.2% using the PNC

sample. The psychosis specific factor from the Shanmugan 4S

(harmonized) model still presented a low correlation (r = 0.31) with

the original psychosis factor from the Shanmugan model (2016)

(Table S12). However, the correlation between anxious‐misery raised
scores o from 0.12 to 0.87 when the bifactor models were restricted

to the PNC sample only (Table S12). Restricting the analysis to the

CBCL samples only did not present different results, as mentioned

above (Table S12). Bifactor models for sensitivity analysis are

described in full for the Clark 2S (Tables S13 and S14), McElroy

(Tables S15 and S16), Moore 3S (Tables S17 and S18), Clark 3S

(Tables S19 and S20), and Shanmugan S4 (Tables S21 and S22).

Correlation and factor score differences between harmonized versus

full item set restricting the samples for CBCL or GOASSESS only are

described in Table S12.

4 | DISCUSSION

Our study provides a framework for testing bifactor models of psy-

chopathology while harmonizing two instruments using three main

aspects: model fit and reliability, instrument measurement invariance,

and authenticity. We demonstrated that fewer than 50% of theo-

retical and empirically driven bifactor models from the literature

using CBCL and GOASSESS (Constantinou & Fonagy, 2019; Hoff-

mann, Moore, Axelrud, Tottenham, Zuo, et al., 2022; Shanmugan

et al., 2016) presented reliable specific factors and are instrument‐
invariant. Moreover, item‐wise harmonized models containing

around a third of the original item set generated a highly correlated

p‐factor between harmonized and original full‐item models.

Enormous effort has been made to move psychiatry and psycho-

pathology to the next level of nosology (Insel et al., 2010; Kotov

et al., 2021; Lahey et al., 2022). Consortia gather different samples to

understand psychiatric conditions' genetics and neuroimaging un-

derpinnings. In that effort, mental health is operationalized in different

ways, from symptom checklists to clinical categorical diagnoses.

However, harmonizing these phenotypic assessments is frequently

overlooked, and it is unknown towhat extent symptoms and diagnoses

assessed with different questionnaires using different samples can be

combined. For example, the PGC assumes that all diagnoses are

equivalent, and the ENIGMA consortium uses diagnosis and symptom‐
level analysis (Sullivan et al., 2018; Thompson et al., 2014). In the

present study, we demonstrate that not all bifactor models can be

applied to harmonize different questionnaires in different samples, as

there is a risk of non‐authentic factors. However, some factors in these
models might be useful as they are authentic dimensions of psycho-

pathology, such as the fear factor in the Shanmugan 4S model.

The Shanmugan 2016 model (Shanmugan et al., 2016) was

generated within the PNC study (Satterthwaite et al., 2016) and

presented a good bifactor solution for this study. However, the

harmonized version of this model (Shanmugan 4S) generated factors

with lower correlation when compared with the full item set model.

This might be due to the patterns of factor loadings. For example, the

psychosis specific factor loaded highly onto hallucination‐related
symptoms in the harmonized Shanmaugan 4S model. In contrast,

the original published model (Shanmugan et al., 2016) loaded more

highly onto delusion‐related symptoms that were not harmonized.

TAB L E 3 CBCL and GOASSESS harmonized bifactor model fit
indices

Model RMSEA RMSEA 90% CI CFI TLI SRMR

Achenbach 2S 0.009 0.007 0.011 0.985 0.980 0.059

Deutz GP 0.009 0.007 0.011 0.978 0.974 0.068

Clark 2S 0.009 0.008 0.010 0.947 0.942 0.084

McElroy 0.011 0.009 0.012 0.972 0.965 0.063

Moore 3S 0.009 0.008 0.011 0.968 0.962 0.065

Clark 3S 0.008 0.007 0.009 0.961 0.956 0.072

Shanmugan 4S 0.008 0.007 0.009 0.961 0.956 0.073

Note: Achenbach 2S, Deutz GP and Clark 2S included internalizing and

externalizing specific factors. McElroy, Moore 3S and Clark 3S have

attention/hyperactivity in addition to the previous specific factors.

Shanmugan 4S contained 36 items which were harmonized with CBCL,

and included anxious‐misery, fear, behavior and psychosis specific

factors.

Abbreviations: CBCL, Child Behavior Checklist; CFI, Comparative Fit

Index; RMSEA, Root Mean Square Error of Approximation; SRMR,

Standardized Root Mean‐square Residual; TLI, Tucker‐Lewis Index.
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Moreover, the p‐factor from the harmonized Shanmaugan 4S model

loaded highly on irritability‐related items, a pattern commonly

observed in CBCL bifactor models (Hoffmann, Moore, Axelrud, Tot-

tenham, Zuo, et al., 2022). The p‐factor loading pattern of the PNC's

published model includes high loadings for mania and obsessive‐
compulsive symptoms rather than irritability, which might explain

the correlation among p‐factors of 0.89; while still high, this corre-

lation is below what was observed using the CBCL models.

Five CBCL‐based models presented authentic dimensions when

compared with the full item set. Even when applied to the PNC sample

(which used a different instrument), it fits the datawell (Table S11) and

produced factors with acceptable model‐based reliability indices (see
S13, S15, S17, S19, and S21). These models are generally based on

internalizing and externalizing specific factors and, in some, an addi-

tional attention factor (Achenbach, 1966; Hoffmann, Moore, Axelrud,

Tottenham, Zuo, et al., 2022). Attention specific factors are usually

neglected by versions of the Hierarchical Taxonomy of Psychopa-

thology (Kotov et al., 2021; Krueger et al., 2021). However, previous

and recent evidence supports the role of this dimension (Bark-

ley, 2015; Gomez et al., 2021), and previous studies using CBCL

demonstrated its validity (Clark et al., 2021; McElroy et al., 2018;

Moore et al., 2020). In a bifactor context, the attention factor might

capture aspects of impulsivity overlapping with the p‐factor, while the
residual specific factor is possibly related to the attention‐
hyperactivity phenotype (Gomez et al., 2021). Our findings empha-

size that models that include internalizing, externalizing, and attention

specific dimensions are reproducible and likely to generate harmo-

nizable dimensions across studies and questionnaires.

Several limitations of this study should be acknowledged. First,

this study considered two parent‐report questionnaires, and the

estimated differences among constructs may not apply if other in-

formants and questionnaires are used. Second, the previously pub-

lished GOASSESS model used self‐reports for subjects beyond age

10. Here we estimated it using parent reports to keep it consistent

with CBCL. Nonetheless, the analytical pipeline of this study can be

applied to analyze differences in other instruments and informants.

Third, the GOASSES scale measures symptoms using a binary

response, while the CBCL is a three‐level Likert‐type scale. This has

the potential to introduce some bias. We minimized that by using a

scale‐level harmonization that has been used in other studies in the

field, which involves collapsing the CBCL to produce a binary

variable.

This study provides a framework to evaluate bifactor models

using harmonized data from different questionnaires and different

samples. Harmonized CBCL‐GOASSESS bifactor models contained a

third of the original item set in general. Most but not all models with

harmonized data resulted in highly authentic p‐factors, while the

authenticity for the specific factors varied. CBCL‐based bifactor

models (i.e., internalizing, externalizing, and attention) performed

better relative to the GOASSESS‐based bifactor model (i.e., anxious‐
misery, fear, behavior, and psychosis factors) when their items were

harmonized. This approach could be expanded to dimensions based

on diagnosis, other instruments, and diverse informants. Future

studies are advised to estimate how psychopathology dimensions in

aggregated datasets are harmonizable and represent the same di-

mensions of psychopathology.

F I GUR E 2 Correlation and Bland‐Altman plots for Clark 2s (a),

McElroy (b), Moore 3S (c), Clark 3S (d) and Shanmugan 4S
(e) bifactor models. In the Bland‐Altman plots (plots in the right),
the x‐axis demonstrates the average factor score of the harmonized
and full item set models and the y‐axis displays the difference in
measurements between them.
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